
Abstract This contribution to the RECCAP2 (REgional Carbon Cycle Assessment and Processes) 
assessment analyzes the processes that determine the global ocean carbon sink, and its trends and variability 
over the period 1985–2018, using a combination of models and observation-based products. The mean sea-air 
CO2 flux from 1985 to 2018 is −1.6 ± 0.2 PgC yr −1 based on an ensemble of reconstructions of the history 
of sea surface pCO2 (pCO2 products). Models indicate that the dominant component of this flux is the net 
oceanic uptake of anthropogenic CO2, which is estimated at −2.1 ± 0.3 PgC yr −1 by an ensemble of ocean 
biogeochemical models, and −2.4 ± 0.1 PgC yr −1 by two ocean circulation inverse models. The ocean also 
degasses about 0.65 ± 0.3 PgC yr −1 of terrestrially derived CO2, but this process is not fully resolved by any of 
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Key Points:
•  The RECCAP2 global ocean analysis 

provides an authoritative multi-model 
and observation-based assessment of 
global ocean CO2 uptake

•  pCO2-based products yield a mean 
sea-air CO2 flux from 1985 to 2018 of 
−1.6 ± 0.2 PgC yr −1 with a trend of 
−0.61 PgC yr −1 decade −1 since 2001

•  Ocean anthropogenic CO2 uptake 
averages −2.1–2.4 PgC yr −1 from 
1985 to 2018, with a trend of 
−0.34–0.41 PgC yr −1 decade −1 
since 2001
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1. Introduction
In the last decade (2012–2021) human activities have added 10.8 ± 0.8 Pg C yr −1 to the atmosphere as CO2 
(Friedlingstein et al., 2022), accounting for roughly half of the anthropogenic radiative forcing from well-mixed 
greenhouse gases (Forster et al., 2021). The ocean plays a critical role in mitigating climate change by absorb-
ing much of these anthropogenic CO2 emissions. The ocean's long-term capacity to take up anthropogenic CO2 
is limited only by its size and the CO2 buffering capacity of seawater (Broecker et al., 1979; DeVries, 2022b; 
Revelle & Suess, 1957), and it is estimated that ultimately the ocean will absorb about 85% of anthropogenic CO2 
emissions (Archer, 2005; Broecker et al., 1979). In the short term, however, the rate of oceanic anthropogenic 
CO2 uptake is limited by ocean circulation rates, in particular the ventilation rate of the ocean's intermediate and 
deeper layers (Iudicone et al., 2016; Sarmiento et al., 1992; Siegenthaler & Sarmiento, 1993), such that current 
rates of CO2 uptake by the ocean average about 30% of anthropogenic carbon emissions (Crisp et  al.,  2022; 
Friedlingstein et al., 2022; Gruber et al., 2019a, 2019b, 2023; Sabine et al., 2004). Additionally, the net flow of 
CO2 between the atmosphere and ocean is affected by perturbations to the natural carbon cycle due to climate 
variability and anthropogenic climate change (Gruber et al., 2019b; Le Quéré et al., 2007a; McKinley et al., 2017; 
Séférian et al., 2014), which can strengthen or weaken the global ocean carbon sink from year to year (Gruber 
et al., 2023; Le Quéré et al., 2010), and on longer timescales (Bernardello et al., 2014; Joos et al., 1999; McNeil 
& Matear, 2013).

Tracking the uptake of anthropogenic carbon by the ocean, and perturbations to the natural ocean carbon cycle, 
has been a focus of ocean biogeochemistry and climate science for many decades. Early efforts toward quantifying 
the oceanic sink for anthropogenic carbon relied on simple box or box-diffusion models with mixing rates cali-
brated using radioactive tracers (Bolin & Eriksson, 1959; Keeling, 1979; Oeschger et al., 1975). These simple box 
models progressed over time to three dimensional global ocean circulation-biogeochemical models (GOBMs) that 
could simulate the impacts of climate change on anthropogenic CO2 uptake (Maier-Reimer & Hasselmann, 1987; 
Orr et al., 2001; Sarmiento et al., 1992). Another class of approaches relied primarily on geochemical obser-
vations to track changes in the ocean carbon sink. Some studies utilized atmospheric observations, such as O2/
N2 ratios (e.g., Keeling et  al.,  1996), or changes in the atmospheric and oceanic stable carbon isotope ratio 
(e.g., Quay et al., 1992), to deduce the oceanic uptake of anthropogenic carbon. Other approaches applied ocean 
biogeochemical and transient tracers to remove the signals of natural variability from oceanic dissolved inorganic 
carbon (DIC) measurements in order to identify the anthropogenic perturbation (Brewer,  1978; Chen,  1982; 
Gruber et al., 1996; Lo Monaco et al., 2005; Sabine et al., 2004; Vázquez-Rodríguez et al., 2009). Still others 
used anthropogenic transient tracers such as chlorofluorocarbons (CFCs) to estimate ocean ventilation rates and 
anthropogenic CO2 uptake by convolving ocean mixing rates with time-evolving atmospheric CO2 concentrations 

the models used here. From 2001 to 2018, the pCO2 products reconstruct a trend in the ocean carbon sink of 
−0.61 ± 0.12 PgC yr −1 decade −1, while biogeochemical models and inverse models diagnose an anthropogenic 
CO2-driven trend of −0.34 ± 0.06 and −0.41 ± 0.03 PgC yr −1 decade −1, respectively. This implies a 
climate-forced acceleration of the ocean carbon sink in recent decades, but there are still large uncertainties 
on the magnitude and cause of this trend. The interannual to decadal variability of the global carbon sink is 
mainly driven by climate variability, with the climate-driven variability exceeding the CO2-forced variability by 
2–3 times. These results suggest that anthropogenic CO2 dominates the ocean CO2 sink, while climate-driven 
variability is potentially large but highly uncertain and not consistently captured across different methods.

Plain Language Summary The second REgional Carbon Cycle Assessment and Processes effort, 
or RECCAP2, provides a comprehensive assessment of global and regional greenhouse gas budgets. This 
paper focuses on the ocean carbon sink, and investigates the processes that control its magnitude, trends and 
variability. Observation-based techniques estimate that the net transfer of CO2 from the atmosphere to the 
ocean, averaged over 1985–2018, is 1.6 billion tonnes of carbon per year, and that oceanic CO2 uptake is 
increasing by 0.61 billion tonnes of carbon per year each decade. Models say that most of this CO2 entering the 
ocean, and its increase over time, is driven by anthropogenic CO2 emissions, which causes the ocean to take 
up 2.1–2.4 billion tonnes of carbon per year. There are some hints that climate change might be accelerating 
ocean carbon uptake, but the errors in our estimates are too large to know for sure right now. Our methods and 
observations will have to be improved in order to better detect the impact of climate change on the ocean carbon 
sink.
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(Hall et al., 2002; Khatiwala et al., 2009; McNeil et al., 2003; Waugh et al., 2006). At the same time, a growing 
database of surface ocean seawater pCO2 led to the development of methods that could estimate the contemporary 
ocean carbon sink at a global scale by scaling pCO2 observations to a reference year and using a bulk formulation 
for air-sea CO2 exchange (Takahashi et al., 1997, 2002, 2009).

This early work formed the basis for the ocean contribution to the first REgional Carbon Cycle Assessment and 
Processes (RECCAP), an international effort to quantify regional and global carbon fluxes and to better under-
stand the processes governing the global sinks for anthropogenic CO2 (Canadell et  al.,  2011). The RECCAP 
global ocean carbon sink assessment focused on the global ocean storage of anthropogenic carbon (Khatiwala 
et al., 2013) (hereafter, K2013) and on the magnitude, variability, and trends of air-sea CO2 fluxes in the global 
ocean (Wanninkhof et al., 2013) (hereafter, W2013). The synthesis by K2013 focused on DIC inventory changes in 
the ocean, and provided an estimate of the total ocean anthropogenic carbon uptake since the start of the industrial 
revolution based on six observation-based approaches (including DIC-based approaches and tracer-constrained 
ocean mixing models), four versions of the Community Climate System Model GOBM, and a tracer-constrained 
global ocean data assimilation model (ECCO). W2013 focused on estimates of air-sea CO2 fluxes derived from 
nine GOBMs, an empirical pCO2-observation based approach (Park et  al.,  2010; Takahashi et  al.,  2009), an 
atmospheric and an ocean inversion, and two estimates based on atmospheric O2/N2 ratios.

Here, we provide an updated estimate of the global ocean carbon sink, its magnitude, trends, and variability over 
the period 1985–2018 as part of the RECCAP2 project. Our analysis takes advantage of improvements in meth-
odologies for quantifying the ocean carbon sink since the first RECCAP assessment, and provides an analysis of 
the mechanisms driving changes in the ocean carbon sink over time. In addition to extending the analysis period to 
2018, RECCAP2 uses a variety of models and observation-based products that were not available for RECCAP. As 
opposed to using variants of a single GOBM, we use an ensemble of 12 different GOBMs, which allows for 
more robust results and improved uncertainty quantification. The ECCO assimilation model, which was used in 
RECCAP, is also used here, but is improved by the assimilation of biogeochemical parameters. The empirical 
pCO2-based approach of RECCAP that extended the Takahashi climatology is here replaced by an ensemble of 11 
pCO2-based interpolation products, many of which use machine learning approaches that were not available for 
RECCAP, allowing us to better capture temporal and spatial variability and to assess the robustness of the results. 
The tracer-constrained mixing models utilized in RECCAP are here replaced by an ocean circulation inverse 
model (OCIM) that estimates ocean mixing and ventilation by inverting distributions of six ocean circulation trac-
ers. The DIC-observation based approach used in RECCAP, which provided estimates for the period from ∼1800 
to 1994 based on the C* approach (Gruber et al., 1996; Sabine et al., 2004), is here replaced by the extended multi-
linear regression method applied to the C* tracer to determine the anthropogenic carbon increase over the period 
1994–2007 (Gruber et al., 2019a, 2019b). These improved models and data products allow better quantification of 
the global ocean carbon sink, and an in-depth analysis of the mechanisms contributing to its magnitude, variability 
and trends. It should be noted that the RECCAP2 project is distinct from but complements the Global Carbon 
Budget (GCB) project (Friedlingstein et al., 2022), which focuses only on the anthropogenically perturbed surface 
CO2 fluxes from a global budgeting perspective. Also of note is that some of the approaches that were included as 
part of RECCAP are not considered for this RECCAP2 global assessment, such as estimates based on atmospheric 
CO2 inversions (e.g., Jacobson et al., 2007) and atmospheric O2/N2 ratios (e.g., Manning & Keeling, 2006).

This paper is organized as follows. In Section 2, we provide background on the flux components of the ocean 
carbon sink, details of the methods used by each of the RECCAP2 approaches for estimating the ocean carbon 
sink, and information on the components that each approach captures. Section 3 discusses results of the RECCAP2 
products' estimates of sea-air CO2 fluxes (Section 3.1) and changes in ocean DIC concentrations (Section 3.2) 
over the period 1985–2018. In Section 4 we compare RECCAP2 results with those of the original RECCAP, 
consider remaining uncertainties and biases in the RECCAP2 products, and provide a “best estimate” of the 
contemporary global ocean CO2 sink. Section 5 concludes with a summary of our main findings, and suggests 
several focus areas for future research.

2. Materials and Methods
2.1. Overview

Several different products were used to assess the global ocean carbon sink for RECCAP2. These products gener-
ally fall under one of two broad categories: models and observation-based products. We use two categories of 
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models, GOBMs and ocean data assimilation models. GOBMs are freely evolving dynamical ocean circulation 
models with a biogeochemical module, and use atmospheric reanalysis data as a boundary condition to force the 
ocean biogeochemical model. They have been used to assess the ocean carbon sink in the GCB (Friedlingstein 
et al., 2022; Hauck et al., 2020), and they form the ocean carbon cycle component of Earth System Models (e.g., 
Canadell et al., 2021; Schwinger et al., 2014; Terhaar et al., 2022). In contrast, ocean data assimilation models 
use observations of oceanic tracers to constrain the ocean circulation and/or biogeochemistry and have been used 
to provide data-constrained assessments of the ocean anthropogenic CO2 uptake (DeVries, 2014) and the interan-
nual variability of air-sea CO2 fluxes (Carroll et al., 2022). Both categories of models provide estimates of air-sea 
CO2 fluxes and the resulting changes in ocean interior DIC inventories over time.

We also use two categories of observation-based products, those based on surface ocean pCO2, which determine 
the air-sea CO2 flux, and those based on ocean-interior DIC, which estimate the oceanic accumulation of anthro-
pogenic CO2. pCO2-observation products have been used in the GCB assessment (Friedlingstein et al., 2022) 
and include a variety of statistical, regression, and machine learning algorithms that are used to interpolate and 
extrapolate sparse observations of surface seawater pCO2 to a regular grid with near-global coverage and monthly 
resolution, from which air-sea CO2 fluxes are derived (Rodenbeck et al., 2015). The DIC-observation product 
used here is based on a multilinear regression model to estimate the change in anthropogenic DIC from 1994 to 
2007 (Gruber et al., 2019a, 2019b) using observations gathered over the period from 1982 until 2013. A more 
detailed description of the products used is provided in Section 2.3 below.

2.2. Processes Contributing to Air-Sea CO2 Fluxes and DIC Inventory Changes

When comparing results across the different products introduced above, it is important to keep in mind that 
different products resolve different aspects of the ocean carbon sink (i.e., the net uptake of CO2 by the ocean), and 
capture different processes that affect the magnitude and variability of this sink. Here, we present a framework 
for analyzing changes in the ocean DIC inventory and air-sea CO2 fluxes in terms of their driving processes, and 
Section 2.3 discusses the individual processes that are captured by each model or observation-based product.

At the local scale, changes in ocean DIC concentrations are related to fluxes across the air-sea and land-sea 
boundaries, and to the local physical and biological processes affecting DIC,

𝑑𝑑DIC

𝑑𝑑𝑑𝑑
=

1

Δ𝑧𝑧
(𝑓𝑓land−sea − 𝑓𝑓sea−air) + 𝐽𝐽DIC (1)

where fsea-air is the local net flux of CO2 from the ocean to the atmosphere (mol m −2 yr −1; positive into the atmos-
phere), fland-sea is the local net flux of DIC (mol m −2 yr −1) from the land to the ocean (positive into the ocean), and 
Δz is the depth interval over which dDIC/dt is expressed. The land-sea fluxes include all exchanges of carbon 
between oceanic DIC and solid terrestrial or sedimentary carbon reservoirs: for example, the input of DIC and 
the remineralization of organic carbon from rivers and submarine groundwaters (Cole et al., 2007), and the loss 
of DIC due to the burial of organic carbon and CaCO3 in marine sediments (Burdige, 2007; Dunne et al., 2007). 
JDIC represents the convergence of DIC due to biological transformation or physical transport (mol m −3 yr −1), 
such as the formation and sinking of carbon bearing organic or inorganic particles, the transport of DIC by ocean 
currents, or the concentration and dilution of DIC by evaporation and precipitation.

In the global integral, internal ocean transports of DIC, JDIC, are close to zero, so that the rate of change in the 
ocean DIC inventory (IDIC; Pg C) is only related to the flux of CO2 across the air-sea interface and at the land-sea 
boundary,

𝑑𝑑𝑑𝑑DIC∕𝑑𝑑𝑑𝑑 = 𝐹𝐹land−sea − 𝐹𝐹sea−air (2)

where Fsea-air (Pg C yr −1) is the global integral of fsea−air, and Fland-sea (Pg C yr −1) is the global integral of fland−sea. 
At steady-state, as commonly assumed to be the case before human perturbations to the global carbon cycle, 
dIDIC/dt = 0 and the net flux of DIC from the land to the ocean and into/out of the sediments is balanced by the 
net flux of CO2 from the ocean to the atmosphere, that is,

𝐹𝐹sea−air,ss = 𝐹𝐹land−sea,ss (3)

where the ss subscripts indicate a preindustrial steady-state.
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In the contemporary ocean, the globally integrated sea-air CO2 flux can be considered a combination of “anthro-
pogenic” and “natural” components,

𝐹𝐹sea−air = 𝐹𝐹ant + 𝐹𝐹nat (4)

Anthropogenic (ant) sea-air CO2 fluxes include a component that is due only to rising atmospheric CO2 in the 
absence of any climate variability, and a component that is due to the redistribution of anthropogenic DIC by 
climate variability and change, that is,

𝐹𝐹ant = 𝐹𝐹ant,CO2
+ 𝐹𝐹ant,climate (5)

Natural (nat) sea-air CO2 fluxes include a preindustrial component that is balanced by land-sea fluxes at 
steady-state (see Equation 3), and a component due to the redistribution of natural (preindustrial) DIC driven by 
climate variability and change, that is,

𝐹𝐹nat = 𝐹𝐹land−sea,ss + 𝐹𝐹nat,climate (6)

In this framework, any changes in air-sea CO2 fluxes due to climate- or anthropogenic-driven land-sea DIC fluxes 
(e.g., Regnier et al., 2013, 2022) will be incorporated in the Fnat, climate term. Thus, the net effect of climate vari-
ability and change on global air-sea CO2 fluxes is the sum of its effect on natural and anthropogenic CO2 fluxes,

𝐹𝐹climate = 𝐹𝐹nat,climate + 𝐹𝐹ant,climate (7)

and the global sea-air CO2 flux is given by

𝐹𝐹sea−air = 𝐹𝐹ant,CO2
+ 𝐹𝐹land−sea,ss + 𝐹𝐹climate (8)

The same decomposition of sea-air CO2 fluxes derived above for the globally integrated fluxes applies at the local 
scale. At a preindustrial steady-state (dDIC/dt = 0) Equation 1 yields

𝑓𝑓sea−air,ss = 𝑓𝑓land−sea,ss + Δ𝑧𝑧 ⋅ 𝐽𝐽DIC,ss (9)

The contemporary net sea-air CO2 flux is the sum of the steady-state fluxes (Equation 9) and the anthropogenic 
CO2-driven fluxes and those fluxes driven by climate variability and change,

𝑓𝑓sea−air = 𝑓𝑓ant,CO2
+ 𝑓𝑓climate + 𝑓𝑓land−sea,ss + Δ𝑧𝑧 ⋅ 𝐽𝐽DIC,ss (10)

where fclimate is composed of natural and anthropogenic components as in Equation 7 for the global integral.

Analogously to the air-sea CO2 fluxes, the transport of DIC can be decomposed into contributions from the prein-
dustrial steady-state transports, and the transports driven by rising atmospheric CO2 and by climate variability,

𝐽𝐽DIC = 𝐽𝐽DIC,ss + 𝐽𝐽DIC,ant,CO2 + 𝐽𝐽DIC,climate (11)

Analogous to the air-sea fluxes (Equation 7), JDIC, climate has both anthropogenic and natural components.

For discussions in this manuscript, we adopt the following lexicon for the terms defined above: fsea-air is the “net 
sea-air CO2 flux,” fant,CO2 is the “anthropogenic CO2-driven flux,” fclimate is the “climate-driven CO2 flux,” fant, climate 
is the “climate-driven anthropogenic CO2 flux,” fnat, climate is the “climate-driven natural CO2 flux,” and fland-sea is 
the “net land-sea carbon flux.” Analogous terminology applies to the globally integrated fluxes, as well as the 
transports and DIC accumulation rates.

2.3. Description of Models and Observation-Based Products

2.3.1. Global Ocean Biogeochemical Models (GOBMs)

Here we use results from 12 GOBMs many of which have previously been used to assess the global ocean CO2 
uptake in the GCB (Friedlingstein et al., 2022). These models are forced with atmospheric CO2 and reanalysis 
wind stress and buoyancy fluxes. In contrast to fully coupled Earth system models that capture only externally 
forced variability and trends (Taylor et al., 2012; Zelinka et al., 2020), the GOBMs can also provide hindcasts of 
the variability and trends of the ocean carbon sink that are due to internal climate variability.
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Many models first underwent a preindustrial spin-up using a constant atmospheric 
pCO2 and climatological or repeated year forcing. Then, all models performed a histor-
ical simulation from the end of the preindustrial spin-up or from observation-based 
initial fields, which is forced by rising CO2 and climatological or repeated year atmos-
pheric forcing. In the final transient simulation, which forms the basis for our analyses, 
the model is run with evolving atmospheric pCO2 and interannually varying climate 
forcing from typically 1948 or 1958 (when interannual varying reanalysis fields are 
available) until 2018. The length of the two spin-up phases and of the transient simu-
lation, the atmospheric pCO2 time history, and the surface boundary conditions used 
can all vary from one model to the next. Some, but not all, GOBMs represent the net 
land-sea carbon fluxes (fland-sea) with carbon input from rivers and burial of carbon in 
marine sediments. For all simulations, model output is provided from 1980 to 2018 at 
monthly resolution for surface data such as air-sea CO2 fluxes, and at annual resolution 
for interior data such as DIC concentrations, after re-gridding the model output to the 
regular RECCAP2 grid (1° × 1° horizontal resolution and fixed depth levels). See Table 
S1 in Supporting Information S1 for further details.

Each modeling group performed at least two and up to four model simulations over 
the period 1980–2018, where the influence of surface forcing and atmospheric CO2 
are analyzed either in isolation or combination. These simulations are labeled A–D 
(Table  1). In Simulation A (performed by all models), both the atmospheric CO2 
concentration and surface forcing are varied throughout the simulation period, provid-
ing an estimate of the oceanic CO2 sink under time-evolving climatic conditions and 
atmospheric CO2. These simulations capture the net sea-air CO2 flux (fsea-air) and trans-
port components discussed in Section 2.2, although most models do not fully represent 
the net land-sea carbon fluxes (Table 1).

In Simulation B (performed by all models), the atmospheric CO2 concentration and 
surface forcing are held to a constant climatological seasonal cycle throughout the simu-
lation period. If this simulation were fully spun up under preindustrial conditions, then 
this simulation would capture only the steady-state preindustrial fluxes (fsea-air,ss) and 
transports (JDIC,ss) as discussed in Section 2.2. However, the models are often incom-
pletely spun up, or they are spun up under a higher atmospheric pCO2 than preindustrial 
levels (Table S1 in Supporting Information S1), such that the sea-air CO2 fluxes and 
transports are not the same as they would be in a preindustrial steady-state. The differ-
ence between the carbon fluxes and transports in simulation B, and those that would 
be simulated by the models in a preindustrial steady-state, are considered model biases 
and drifts (Hauck et al., 2020), and denoted by fbias+drift and JDIC, bias+drift, respectively 
(Table 1). The bias is the component of the difference that is constant in time, while 
the drift is the component that is changing in time (Hauck et al., 2020). These biases 
and drifts are not “real” in the sense that they are not caused by a physical phenomenon 
and would not exist if the model were in equilibrium with the climate forcing and pCO2 
used to initialize the model (Séférian et al., 2016). The effect of model biases and drifts 
on the modeled sea-air CO2 fluxes and transports can be removed by subtracting the 
results of Simulation B from the other model simulations (note that this also removes 
the preindustrial steady-state fluxes and transports, which is important for local analy-
ses, but much less so for global integral analyses, since these preindustrial steady-state 
fluxes and transports sum to near zero globally).

In Simulation C (performed by 11 out of 12 models) the atmospheric CO2 concentra-
tion is varied following the observed time history throughout the simulation, while 
the surface forcing is held to the same constant climatological seasonal cycle as in 
Simulation B, providing an estimate of the oceanic CO2 sink that is driven solely by 
increasing atmospheric CO2 concentrations without any climate-driven variability. This 
simulation captures the anthropogenic CO2-driven fluxes and transports (fant,CO2 and 
JDIC,ant,CO2), in addition to the components captured by Simulation B (Table 1).M
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In Simulation D (performed by 11 out of 12 models), the atmospheric CO2 concentration is held constant while 
the surface forcing is varied over time using the same atmospheric forcing as in Simulation A, providing an 
estimate of the variability in the oceanic CO2 sink that is due to climate variability in the absence of any changes 
in atmospheric CO2. This simulation captures the steady-state sea-air CO2 fluxes and transports of DIC, and the 
climate-driven natural CO2 fluxes and transports, fnat, climate and JDIC,nat,climate (Table 1).

2.3.2. Data Assimilation Models

In addition to the 12 GOBMs, we also use three different data assimilation models. Here, we use the term 
“data assimilation” to refer to models that assimilate oceanographic tracer observations in order to improve their 
representation of ocean processes. In the “assimilation” phase, the circulation or biogeochemistry of these models 
is adjusted in order to improve the fit of the model to the observations. Two of these data assimilation models are 
different versions of the OCIM (DeVries, 2014, 2022). The OCIM assimilates observations of potential temper-
ature, salinity, radiocarbon, and CFCs, as well as estimates of sea-surface height and air-sea heat and freshwater 
fluxes, into a steady-state ocean circulation model. This ocean circulation model is then used as the physical 
transport model in an abiotic ocean carbon cycle model coupled with rising atmospheric CO2 levels to estimate 
air-sea CO2 fluxes over the period 1780–2018. No data assimilation takes place during this phase. The two OCIM 
versions, OCIMv2014 (DeVries, 2014) and OCIMv2021 (DeVries, 2022), differ in that OCIMv2021 has a higher 
vertical resolution, a shallower surface mixed layer, includes a tidal mixing scheme, and assimilates δ 3He obser-
vations in addition to the other tracers listed above (Holzer et al., 2021). OCIMv2014 performed simulations A 
and B only and used an annual time-step for the carbon cycle model, while OCIMv2021 performed simulations 
A, B, and C and used a monthly time-step for the carbon cycle model. Because of the constant circulation of 
the OCIM models, their simulation A does not include a representation of the circulation-driven CO2 fluxes and 
transports that the GOBMs do. In the case of OCIM-v2021, simulation A includes variable sea surface tempera-
tures and gas transfer velocities, while in OCIM-v2014 these are held constant, making simulation A equivalent 
to simulation C in that version. Because these simulations do not include biology, the model captures only abiotic 
processes that affect the ocean carbon sink. Therefore, the regional distribution of air-sea CO2 fluxes and carbon 
transports in the OCIM differ from those in the GOBMs and ECCO-Darwin model (see below) that do resolve 
biologically driven carbon fluxes. Because of these issues, the OCIM is primarily used to estimate the anthropo-
genic component of the air-sea CO2 fluxes and DIC accumulation.

The other assimilation model used here is the ECCO-Darwin model (Carroll et al., 2020, 2022). This model 
features an ocean biogeochemistry and ecology model (Darwin) (Dutkiewicz et al., 2015) coupled to the ECCO 
data-assimilated physical circulation model (Forget et al., 2015; Zhang et al., 2018). The ECCO circulation is 
time-varying and assimilates potential temperature, salinity, sea surface height, air-sea heat and freshwater fluxes 
from 1992 to 2018. The biogeochemistry optimization adjusts initial conditions and several parameters of the 
Darwin model to match time-varying observations of pCO2, DIC, alkalinity, nutrients and oxygen in the ocean 
from 1992 to 2018. This assimilation period coincides with Simulation A in this model. Like the GOBMs, this 
simulation A captures the effects of both climate-driven and CO2-driven fluxes, but unlike the GOBMs there 
could additionally be drifts introduced by changes to the model's biogeochemical parameters during the assimi-
lation. Simulations B-D are not performed with this model. Because there is no simulation B, and because of the 
incomplete spin-up and potential for model drifts in the first few years of the assimilation period, only the time 
period from 2001 to 2018 is used in our analysis. Because simulations C and D are lacking, it is not possible to 
separate the anthropogenic and natural carbon cycling in this model like it is with the GOBMs.

In the analysis that follows, results from the assimilation models are presented separately from those of the 
GOBMs. Additionally, the OCIM results are presented separately from the ECCO-Darwin results due to the very 
different nature of the two assimilation models.

2.3.3. Surface Ocean pCO2-Observation Products

We use a variety of products that estimate global air-sea CO2 fluxes based on sea surface pCO2 observations. 
The bulk of the seawater pCO2 observations used by these approaches are contained in the Surface Ocean CO2 
Atlas (SOCAT) data product (Bakker et al., 2016). SOCAT compiles and quality-controls pCO2 observations 
from research cruises, ships of opportunity, moorings (e.g., Sutton et al., 2019), and autonomous platforms (e.g., 
Nickford et al., 2022). Various approaches have been devised to fill the gaps in this database to create near-global 
and temporally complete maps of seawater pCO2 for nearly the entire open ocean and, for RECCAP2, at monthly 
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resolution from roughly the mid-1980s to 2018, although some recent approaches have extended these estimates 
back to before 1960 (Bennington et al., 2022; Rödenbeck et al., 2022). These gap-filling (or interpolation) tech-
niques include statistical (Rödenbeck et al., 2013), multi-linear regression (Iida et al., 2021), and various machine 
learning algorithms (Chau et al., 2022; Denvil-Sommer et al., 2019; Gloege et al., 2022; Gregor et al., 2019; 
Landschützer et al., 2014; Zeng et al., 2022). The interpolation step in these models is significant because on 
average only 1%–2% of the 1° × 1° grid cells at any given month are occupied by actual seawater pCO2 observa-
tions, and the remaining 98%–99% must be filled in by the algorithms (Fay et al., 2021; Rödenbeck et al., 2015). 
In all, there are 11 different pCO2-observation products in RECCAP2 that use different approaches to fill gaps in 
the observational record (Table S2 in Supporting Information S1).

After the reconstruction of surface seawater pCO2, each group uses a bulk formula to compute the net sea-air CO2 
flux at a monthly resolution using

𝑓𝑓sea−air = 𝐾𝐾𝑤𝑤 × (1 − 𝑓𝑓ice) ×𝐾𝐾0 × (pCO2,sw − pCO2,air) (12)

where Kw is the wind-speed dependent monthly averaged gas transfer velocity, (1 − fice) is the percentage of open 
water in the pixel (sea ice is assumed to be impervious to gas transfer), K0 is the CO2 solubility in seawater, and 
pCO2sw and pCO2air are the seawater and air pCO2, nominally at 5-m depth and 10-m height. Table S2 in Support-
ing Information S1 provides detailed information on the products used in the computation of the gas transfer 
velocity, solubility, and atmospheric pCO2 for each data product.

We note that Equation 12 is also used in the GOBMs to compute the sea-air CO2 flux, but using the seawater 
pCO2 simulated in the model in place of the seawater pCO2 reconstructed from observations. When comparing the 
results of the pCO2 products to those of the GOBMs, it should be considered that the pCO2 products resolve all of 
the components of the net air-sea CO2 flux discussed in Section 2.2 (Table 1). This is because the pCO2 products 
are derived from real-world observations and these observations implicitly capture all of the mechanisms that can 
influence seawater pCO2. There are no equivalent biases or drifts in the sea-air CO2 fluxes calculated by the pCO2 
products in the sense that they are not affected by a “spin-up” period or by the need to be in equilibrium with a prein-
dustrial pCO2. However, there are structural biases in these products, just as there are in the GOBMs, that can affect 
their ability to accurately reproduce the air-sea CO2 fluxes. These structural biases are discussed in Section 4.2.

Two of the pCO2 products differ fundamentally from the core products, and thus are reported separately in the 
analysis below. One of these is the UOEX product (Watson et al., 2020), which deviates from the others when 
computing Fsea-air by adjusting pCO2 observations to account for the cooler skin temperatures of the surface 
ocean, and adjusting for temperature biases between measurement temperature and sea-surface temperature. 
These adjustments lead to larger CO2 fluxes into the ocean. The other is a climatology of sea-air CO2 fluxes 
constructed from pCO2 observations corrected to the year 2010. This climatology follows the methodology used 
by Takahashi et al. (2009) to normalize all seawater pCO2 observations collected from 1985 to 2018 to the year 
2010. We refer to this product as the “Takahashi update” and consider the fluxes to represent a quasi-decadal 
average centered on the year 2010.

2.3.4. Interior DIC Products

An extended multiple linear regression approach applied to the C* tracer (eMLR-C*) estimates the increase in 
anthropogenic DIC in the ocean from 1994 to 2007 (Clement & Gruber, 2018; Gruber et al., 2019a, 2019b). 
This product uses a multiple linear regression approach with independent variables, such as temperature, salin-
ity, oxygen, and nutrients to capture the variability in C*, with the C* fields derived from global ocean interior 
observations contained in GLODAPv2 (Olsen et al., 2016). The eMLR-C* estimates include the anthropogenic 
CO2-driven as well as the climate-driven anthropogenic DIC accumulation (Gruber et al., 2019a, 2019b; Table 1). 
This product provides near-global coverage, but is missing data in some marginal seas, and the analysis is cut off 
below 3,000 m where the anthropogenic DIC signal-to-uncertainty ratio is low. A recent update of the eMLR(C*) 
results by Müller et al. (2023) resolves decadal trends in the anthropogenic carbon accumulation from 1994 to 
2014, but was published after the completion of this study and could thus not be considered here.

2.4. Uncertainties

Unless otherwise stated, uncertainties are derived from the ensemble standard deviation for the GOBMs, pCO2 
products, and OCIM. For most calculations, we use an ensemble of 12 different GOBMs (Table S1 in Supporting 
Information S1) and nine different pCO2 products (Table S2 in Supporting Information S1), excluding the UOEX 
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and Takahashi update products, which are reported separately. For the OCIM, we have only two different versions 
that are used to assess uncertainties. The ECCO-Darwin, UOEX, Takahashi update, and eMLR-C* are standalone 
products for which there is no ensemble that can be used to assess uncertainties. For these, we use published 
uncertainty estimates where available, although for some quantities there are no published uncertainty estimates. 
For quantities derived by combining two or more different data classes (e.g., GOBMs and pCO2 products) we 
use all possible combinations to compute the standard deviation, and refer to the result as the cross-ensemble 
standard deviation. While the ensemble standard deviation is one measure of variability within or across different 
products, it does not adequately capture all of the uncertainty due to structural errors and biases in the models and 
observation-based products. These structural biases, which are more difficult to assess but likely dominate the 
total uncertainty, are discussed at more length in Section 4.2.

3. Results
This section shows results of the ocean carbon sink estimated by RECCAP2 products for sea-air CO2 fluxes 
(Section 3.1) and changes in ocean interior DIC (Section 3.2). Subsections provide discussion of these estimates 
in light of previous estimates and current knowledge, as well as investigation of the processes responsible for 
trends and variability of the ocean carbon sink.

3.1. Sea-Air CO2 fluxes

3.1.1. Results From RECCAP2 Models and Observation-Based Products

Figure 1 illustrates the spatial distribution of sea-air CO2 fluxes averaged over the RECCAP2 period (1985–2018) 
from the ensemble of GOBMs and the core pCO2 products. In both product classes, the strongest outgassing 
of CO2 occurs at the equator, especially in the Eastern Tropical Pacific, driven by a convergence of DIC due 
to upwelling of waters that have accumulated large amounts of respired DIC, and by surface warming (Feely 
et al., 2006). Outgassing of CO2 also occurs in other upwelling regions such as the eastern boundary currents of 
the North and South Pacific, the Mauritanian and Benguela upwelling off the coast of North and South Africa, 
the seasonal upwelling zone of the Arabian Peninsula, and along the polar front in the Southern Ocean (∼50°S). 
Throughout most of the remaining mid- to high-latitude open ocean the average sea-air CO2 flux is directed into 
the ocean. This net uptake is due partly to the removal of DIC by biological uptake, and partly to the cooling of 
water masses during poleward transport, particularly in the western boundary current regions. In all regions the 
uptake of anthropogenic CO2 modifies the fluxes by reducing outgassing in source regions and enhancing ingas-
sing in sink regions (see Section 3.1.2).

The mean area-normalized net sea-air CO2 flux is −0.48  ±  0.06  mol  C  m −2  yr −1 in the GOBMs and 
−0.41 ± 0.07 mol C m −2 yr −1 in the pCO2 products (1985–2018). The bias and drift assessed by Simulation 
B averages −0.02 ± 0.06 mol C m −2 yr −1, which if corrected for would bring the mean sea-air CO2 flux in the 
GOBMs to −0.46 ± 0.06 mol C m −2 yr −1. Thus, the global mean sea-air CO2 fluxes in the GOBMs and pCO2 
products agree within their ensemble standard deviations. This agreement is somewhat surprising given that most 
GOBMs do not represent the outgassing of terrestrially derived CO2, which has been estimated at between 0.2 and 
1.2 PgC/yr globally or 0.05–0.28 mol C m −2 yr −1 (Jacobson et al., 2007; Kwon et al., 2021; Lacroix et al., 2020; 
Resplandy et al., 2018), with a recent best estimate of 0.65 ± 0.3 PgC/yr or 0.15 ± 0.07 mol C m −2 yr −1 (Regnier 
et al., 2022).

Despite their broad similarities, the difference between the net sea-air CO2 flux in the GOBMs and the pCO2 
products is significant in some regions (Figure 1c). One prominent difference is enhanced equatorial outgassing 
in the pCO2 products relative to the GOBMs. The mean difference between the pCO2 products and GOBMs in the 
equatorial Pacific and Indian Oceans reaches up to 1 mol C m −2 yr −1. Other regions where the difference between 
the GOBMs and pCO2 products exceeds the cross-ensemble standard deviation include the western boundaries of 
the North Atlantic and North Pacific and the extension systems of the western boundary currents, where the pCO2 
products take up less CO2 than the GOBMs (Figure 1c). This could be related to model biases, as the GOBMs 
tend to underestimate wintertime pCO2 in the western boundary currents, leading to too strong CO2 uptake in 
this region (Roobaert et al., 2022). In contrast, the pCO2 products suggest stronger oceanic CO2 uptake than the 
GOBMs in the North Atlantic subtropical gyre, the central to eastern North Pacific, and the eastern South Pacific 
near the coast of South America. In the Southern Ocean, the pCO2 products have more outgassing of CO2 south 
of the polar front and stronger uptake of CO2 to the north of the polar front relative to the GOBMs (Figure 1c).
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Globally integrated net sea-air CO2 fluxes (Fsea-air) for the period 1985–2018 are shown in Figure  2a for all 
the models and pCO2 products. For the models (except ECCO-Darwin), simulation A–B is shown in order to 
remove model drifts and biases, which average −0.11 ± 0.18 PgC yr −1 in the GOBMs (Table S1 in Supporting 
Infor mation S1). This also removes the Fland-sea,ss component of sea-air CO2 flux that is due to the net land-sea 
carbon fluxes that must be balanced by sea-air CO2 fluxes at steady-state (Equation 4), although this is small in 
most GOBMs (median value of 0 PgC/yr; Table S1 in Supporting Information S1). For ECCO-Darwin,  simulation 
B was not available, and the influence of model drifts is not known. However, it is known that the ECCO-Darwin 
model has a large unbalanced sink of carbon due to seafloor burial, resulting in a Fland-sea of −1.3 PgC/yr. Because 
of this, the ECCO-Darwin sea-air fluxes are much lower (more negative) than they would be if Fland-sea were 
zero, as it is in most of the GOBMs and OCIM. For these reasons, the ECCO-Darwin results cannot be directly 
compared to the GOBM and OCIM results. For completeness we still show the ECCO-Darwin results in Figure 2, 
but caution should be taken when interpreting their results.

Figure 1. Global mean sea-air CO2 flux for 1985–2018 for the (top panels) mean of the global ocean biogeochemical models 
(GOBMs) (simulation A), and (middle panels) mean of the core pCO2 products (excluding the UOEX and Takahashi update 
products). The global average sea-air CO2 flux is given in the title of each figure. Zonally integrated sea-air CO2 fluxes are 
shown in the right-hand panels in each figure, with shading representing the ensemble standard deviation. (bottom panels) 
The difference between the sea-air CO2 flux in the pCO2 products and the GOBMs. Stippling indicates regions where the 
mean sea-air CO2 flux difference is greater than the cross-ensemble standard deviation. Zonally integrated differences in 
sea-air CO2 fluxes are shown in the right-hand panel, with shading representing the cross-ensemble standard deviation. See 
Figure S1 in Supporting Information S1 for the sea-air CO2 fluxes in these products over the 2005–2015 period, and Figure 
S2 in Supporting Information S1 for 2005–2015 sea-air fluxes in the OCIM, ECCO-Darwin, and UOEX products.
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All products show a net uptake of CO2 by the ocean throughout the RECCAP2 period, with the uptake increas-
ing over time. For the GOBMs, the mean globally integrated sea-air CO2 flux over the RECCAP2 period is 
−2.0 ± 0.3 PgC yr −1 (Figure 2b) with a maximum of −1.5 and a minimum of −2.6 PgC yr −1 over the ensemble 
of GOBMs. The OCIM exhibits sea-air CO2 fluxes on the lower (more uptake) end of this range, with an average 
global sea-air flux of −2.4 ± 0.2 PgC yr −1 from 1985 to 2018. Sea-air CO2 fluxes reconstructed by the pCO2 prod-
ucts are generally less negative (less CO2 uptake) than those predicted by the models. The mean sea-air CO2 flux 
from the core pCO2 products (excluding UOEX and Takahashi update) is −1.6 ± 0.2 PgC yr −1 (min of −2.0 and 
max of −1.3). The difference between the global sea-air CO2 flux of the pCO2 products and that of the GOBMs is 
0.4 ± 0.3 PgC yr −1, while the difference between the pCO2 products and the OCIM is 0.7 ± 0.3 PgC yr −1.

Globally integrated sea-air CO2 fluxes estimated by the pCO2 products are systematically less negative than 
those predicted by the GOBMs and OCIM. Several factors could help explain this. First, the global sea-air CO2 
flux from the GOBMs and OCIM reported in Figure 2 do not include fluxes that result from the net land-sea 
carbon flux (Fland-sea), thus the model results represent only Fant,CO2 and Fclimate (see Equation 8). The current 
best estimate of Fland-sea is 0.65 ± 0.3 PgC yr −1 (Regnier et al., 2022), as shown by the gray bar in Figure 2b. If 
this flux were added to the GOBM and OCIM estimates of sea-air CO2 flux, it would yield a net sea-air CO2 

Figure 2. Comparison of different estimates of the ocean CO2 sink from 1985 to 2018. (a) Globally integrated sea-air CO2 
fluxes from models (shades of green, with model drifts and land-sea fluxes removed, except for ECCO-Darwin) and pCO2 
products (shades of blue). The updated Takahashi climatology is shown by the black diamond in 2010. (b) Summary statistics 
for the models and pCO2 products shown in panel (a). Bar heights represent the mean globally integrated sea-air CO2 flux 
for the period 1985–2018. Error bars indicate the ensemble standard deviation. Numbers above each graph represent the 
trend over 1985–2018 (upward trending line, top), with superscripts and subscripts the trend for 2001–2018 and 1985–2000, 
respectively; the magnitude of the interannual variability (IAV, squiggly line, middle) and the 5-years smoothed IAV (smooth 
squiggle, bottom). Statistics for the ECCO-Darwin model are only given for the 2001–2018 period. The gray bar is an 
estimate of the net land-sea carbon flux, Fland-sea, for the contemporary ocean (Regnier et al., 2022).
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flux of −1.4 ± 0.4 PgC yr −1 in the GOBMs, and −1.7 ± 0.4 PgC yr −1 in the OCIM. Second, some of the pCO2 
products do not cover the entire ocean surface, but are missing data in polar regions and marginal seas (Table S2 
in Supporting Information S1). If the mean sea-air CO2 flux of −0.41 mol m −2 yr −1 from the pCO2 products is 
scaled to the global ocean surface area of 3.6 × 10 14 m 2, this yields a slightly more negative sea-air CO2 flux of 
−1.8 ± 0.3 PgC yr −1. This simple scaling yields results that are similar to those based on explicit reconstruction 
of coastal sea-air CO2 fluxes (Fay et al., 2021).

The models and pCO2 products also differ in the temporal variability of the globally integrated sea-air CO2 flux 
(Figure 2b). The magnitude of interannual variability (IAV), which is here defined as the temporal standard devia-
tion of the linearly detrended annual globally integrated sea-air CO2 fluxes (see DeVries, 2022 for details), ranges 
from 0.10 PgC yr −1 in the OCIM to 0.31 PgC yr −1 in the UOEX pCO2 product (Figure 2b). In general, the pCO2 
products have a greater IAV (mean of 0.20 PgC yr −1) than the GOBMs (mean of 0.15 PgC yr −1) (Figure 2b). The 
dominant factor leading to year-to-year variability in sea-air CO2 fluxes is ENSO (Rodenbeck et al., 2015), which 
strengthens global ocean CO2 uptake during El Niño phases and weakens during La Niña (Bacastow, 1976; Feely 
et al., 1999; Ishii et al., 2014; Keeling & Revelle, 1985; Liao et al., 2020; McKinley et al., 2004). The influence 
of short-term climate modes such as ENSO can be filtered out by taking the 5-years running average of the IAV, 
which better captures the decadal timescales of variability. The 5-years smoothed variability of the pCO2 products 
is twice as large as that of the GOBMs, and three times as large as that in the OCIM (Figure 2b).

Large decadal variability in the pCO2 products is partly driven by a strong shift of the trend in global sea-air 
CO2 flux around the year 2000. From 1985 to 2000, the global sea-air CO2 flux in the pCO2 products trended 
nearly flat, at a rate of −0.04 ± 0.29 PgC yr −1 decade −1 (Figure 2b). After 2000, the pCO2 products trend toward 
much stronger uptake, at a rate of −0.61 ± 0.12 PgC yr −1 decade −1 from 2001 to 2018 (similar to the trend of 
−0.68 PgC yr −1 decade −1 in the ECCO-Darwin model during that period). By contrast, the GOBMs show a weak 
strengthening trend from 1985 to 2000 at a rate of −0.19 ± 0.07 PgC yr −1 decade −1, and a more muted transition 
to stronger uptake after 2000, with a trend of −0.34 ± 0.06 PgC yr −1 decade −1 from 2001 to 2018.

3.1.2. Mechanisms Contributing to Sea-Air CO2 Fluxes in RECCAP2 Models

Model simulations for RECCAP2 were designed to isolate the mechanisms responsible for the magnitude and 
variability of sea-air CO2 fluxes (Table 1). Here we decompose the net sea-air CO2 fluxes in models and pCO2 
products into anthropogenic and natural components, and investigate the roles of climate variability and atmos-
pheric CO2 in controlling the global sea-air CO2 fluxes during the RECCAP2 period.

At a local scale, the net sea-air CO2 flux (fsea-air; Figure 1) is composed of the preindustrial steady-state sea-air 
fluxes (fsea-air,ss), anthropogenic CO2-driven uptake flux (fant,CO2), and the climate-driven CO2 flux (fclimate) (see 
Equations 9 and 10). These fluxes can be decomposed in the GOBMs to determine the processes responsible for 
the spatial distribution of sea-air CO2 fluxes averaged over 1985–2018 (Figure 3). Simulation B in the GOBMs 
captures fsea-air,ss as well as biases and drifts that may be due to incomplete model spin-up (fbias+drift). The spatial 
pattern of sea-air CO2 flux in Simulation B (Figure 3a) bears a strong resemblance to the net air-sea CO2 flux from 
Simulation A (Figure 1a), indicating that the natural steady-state sea-air CO2 flux is the dominant component of 
the local net sea-air flux. The global mean of these fluxes is a small net uptake of −0.02 ± 0.06 molC m −2 yr −1. 
This small negative flux is due to incomplete spinup of these models leading to model drift (Séférian et al., 2016), 
and in the case of some models a negative net land-sea carbon flux (fland-sea) due to an excess of carbon burial over 
river inputs (Table S1 in Supporting Information S1).

The second most important component of fsea-air is fant,CO2 (Figure 3b). In the GOBMs and OCIM this component 
is found by the difference between simulations C and B. The sign of fant,CO2 is everywhere negative, indicating 
CO2 uptake by the ocean, with the highest uptake rates in the North Atlantic, Southern Ocean, western boundary 
currents, and the equatorward flanks of the subtropical gyres (see also Mikaloff-Fletcher et al., 2006). These 
regions experience the re-emergence of waters whose anthropogenic carbon content is not in equilibrium with the 
atmosphere, and have strong surface winds that promote fast gas exchange rates (Caldeira & Duffy, 2000; Ishii 
et al., 2020; Ridge & McKinley, 2020; Sarmiento et al., 1992; Toyama et al., 2017).

The climate-driven sea-air CO2 flux can be further decomposed into the climate-driven natural flux, fnat, climate, 
and the climate-driven anthropogenic flux, fnat, climate (Figures 3c and 3d). fnat, climate is found by the difference of 
sea-air fluxes in simulation D and simulation B, and fant, climate is found by the difference between the total anthro-
pogenic effect including climate variability (simulation A–D), and the CO2-only anthropogenic effect (simulation 
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C–B) (Table 1). In terms of spatial variability, the natural component of fclimate is larger than the anthropogenic 
component (Figures 3c and 3d), with the standard deviation of fnat, climate at 0.31 mol C m −2 yr −1 compared to 
0.10 mol C m −2 yr −1 for fant, climate. The climate-driven CO2 fluxes are strongest in the Southern Ocean, where 
climate variability has driven a weak net outgassing of natural CO2 and an even weaker net ingassing of anthro-
pogenic CO2 (Figures  3c and  3d). The opposing effects of climate variability on natural and anthropogenic 

Figure 3. Spatial distribution of sea-air CO2 flux components in the global ocean biogeochemical models (GOBMs) for 
the period 1985–2018. Compare with the contemporary sea-air CO2 flux in Figure 1a. (a) The mean sea-air CO2 flux from 
simulation B in the GOBMs, which represents the sum of the pre-industrial steady-state fluxes, fsea-air,ss, and any model biases 
and drifts during this period, fbias+drift. (b) Anthropogenic sea-air CO2 fluxes driven by atmospheric pCO2 increase with a 
constant climate. (c) Climate-driven changes in natural sea-air CO2 fluxes. (d) Climate-driven changes in anthropogenic 
sea-air CO2 fluxes. Numbers in parentheses in the plot title indicate the global average sea-air CO2 flux for each component. 
Right-hand subplots show the zonal integral of the flux component in the map, with the solid line representing the ensemble 
mean and the shading one standard deviation of the ensemble. For panel (b) the ocean circulation inverse model (OCIM) 
results are additionally shown in the zonal integral. Figure S3 in Supporting Information S1 shows the OCIM sea-air 
anthropogenic CO2 fluxes for comparison with panel (b).
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air-sea CO2 fluxes is consistent with previous modeling studies and due to the opposing gradients of natural 
and anthropogenic DIC in the ocean (e.g., Bernardello et al., 2014; DeVries et al., 2017; Ito et al., 2015). The 
climate-driven variability of the natural and anthropogenic CO2 in the Southern Ocean over 1985–2018 is likely 
due to increased Southern Hemisphere westerly winds, which drive an increase in upwelling along and to the 
south of the polar front, driving both increased natural CO2 outgassing and a slight increase in anthropogenic CO2 
uptake (Canadell et al., 2021; Jones et al., 2016; Le Quéré et al., 2007b; Lovenduski et al., 2007). The globally 
averaged climate-driven sea-air CO2 fluxes over this period are small, averaging 0.03 mol C m −2 yr −1 for fnat, climate 
and −0.01 mol C m −2 yr −1 for fant, climate (Figures 3c and 3d).

The same component separation done for the local sea-air CO2 flux can be applied to globally integrated flux 
(Figure 4). This separation reveals that Fant,CO2 is by far the dominant component of the globally integrated sea-air 
CO2 flux over the RECCAP2 period, while Fclimate is near zero (Figures 4a and 4c). The mean of Fant,CO2 for the 
RECCAP2 period is −2.1 ± 0.3 PgC yr −1 in the GOBMs, and −2.4 ± 0.1 PgC yr −1 in the OCIM. The time evolu-
tion of Fant,CO2 in the OCIM and GOBMs is similar (Figure 4a), although the rate of increase in Fant,CO2 is slightly 
more negative in the OCIM (−0.36 ± 0.02 PgC yr −1 decade −1 over the full RECCAP2 period) compared to that 
in the GOBMs (−0.30 ± 0.04 PgC yr −1 decade −1) (Figure 4c).

Figure 4. (a) Components of the contemporary net sea-air CO2 flux in RECCAP2 global ocean biogeochemical models 
(GOBMs), using simulations A–D to partition fluxes into the anthropogenic CO2-driven flux (Fant,CO2), the climate-driven 
anthropogenic CO2 flux (Fant, climate), and the climate-driven natural CO2 flux (Fnat, climate). Solid curve is the ensemble mean 
and shading is the ensemble standard deviation. An estimate of Fant,CO2 from the ocean circulation inverse model (OCIM) is 
also given by the red dashed curve. (b) The climate-driven sea-air CO2 flux (Fclimate) in the GOBMs, compared with the sum 
of Fclimate and the net land-sea carbon flux (Fland-sea,ss) in the pCO2 products. Dark curve is the multi-product mean and light 
shading is the cross-ensemble standard deviation. (c) Summary statistics (as in Figure 2) for Fant,CO2 from the GOBMs (dark 
red) and the OCIM (light red), Fclimate from the GOBMs (light blue) and Fclimate + Fland-sea,ss from the pCO2 products (dark 
blue).
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While Fant,CO2 dominates the magnitude of the globally integrated sea-air CO2 flux, interannual to decadal vari-
ability is predominantly due to Fclimate (Figures 4a and 4c). The interannual variability of Fant,CO2 in both the 
GOBMs and the OCIM is only 0.07 PgC yr −1, while the 5-years smoothed (decadal) variability is 0.05 PgC yr −1 
(Figure 4c). A large part of the decadal variability in Fant,CO2 is related to low atmospheric CO2 growth rates in the 
late 1980s and early 1990s (e.g., McKinley et al., 2020), which caused the ocean anthropogenic CO2 sink to stag-
nate or even slightly decline from 1988 to 1993 (Figure 4a). Interannual to decadal variability in Fclimate is domi-
nated by the natural component, Fnat, climate (Figure 4a). In the GOBMs, the interannual variability of Fnat, climate is 
0.18 ± 0.03 PgC yr −1 over 1985–2018, while the IAV of Fant, climate is only 0.04 ± 0.01 PgC yr −1. This difference 
is due to the fact that there is a much larger concentration of natural DIC than anthropogenic DIC in the ocean, so 
that climate-driven changes in gas transfer velocity or solubility (e.g., Wanninkhof & Triñanes, 2017), as well as 
ocean circulation changes (e.g., DeVries et al., 2017), mainly impact the natural air-sea CO2 fluxes.

Fant,CO2 estimated by the OCIM and GOBMs can also be removed from the net sea-air CO2 fluxes calculated by 
the pCO2 products. The difference represents the sum of Fclimate (both natural and anthropogenic components) and 
Fland-sea,ss, though with the important caveat that any bias in the Fant,CO2 estimate is directly projected on the residual 
estimate of Fclimate and Fland-sea,ss (Table 1). Since by definition Fland-sea,ss is constant, the temporal variability in the 
resulting sea-air CO2 flux is solely due to Fclimate (Figure 4b). The interannual variability of Fclimate in the pCO2 prod-
ucts is 0.20 ± 0.06 PgC yr −1, which is greater than the IAV of Fclimate estimated by the GOBMs (0.16 ± 0.03 PgC yr −1). 
Likewise, the decadal variability of Fclimate in the pCO2 products is 0.14 ± 0.05 PgC yr −1, which is about 50% greater 
than that in the GOBMs (0.09 ± 0.02 PgC yr −1) (Figure 4c). The interannual to decadal variability of Fclimate predicted 
by both the GOBMs and the pCO2 products is about 2–3 times greater than that of Fant,CO2 (Figure 4c).

The models and the pCO2 products agree quite well in the evolution of Fclimate over the period from 1985 to 2000 
(Figure 4b), although the pCO2 products estimate a larger positive trend of Fclimate (0.17 ± 0.27 PgC yr −1 decade −1)  
than the GOBMs (0.02 ± 0.07 PgC y r−1 decade −1) over this period (Figure 4c). Climate-driven trends over this 
time period have been ascribed to changes in upper-ocean overturning circulation (DeVries et al., 2017), particu-
larly in the Southern Ocean (Gruber et al., 2019b; Landschützer et al., 2015), and to changes in ocean tempera-
tures in response to the eruption of Mt. Pinatubo in the early 1990s (McKinley et al., 2020). The Fclimate trends in 
the GOBMs and pCO2 products diverge after 2001. The Fclimate diagnosed by the GOBMs shows some interannual 
variability but little trend from 2001 to 2018 (−0.03 ± 0.05 PgC yr −1 decade −1). Contrastingly, Fclimate in the pCO2 
products strengthens at a rate of −0.27 ± 0.13 PgC yr −1 decade −1 from 2001 to 2018 (Figure 3c). This difference 
in strengthening trends is large enough that the difference between the GOBMs and pCO2 products, which is 
commonly attributed to Fland-sea,ss (Friedlingstein et al., 2022), is erased by the year 2018.

The mechanism responsible for the recent negative trend of Fclimate in the pCO2 products is not clear, nor is it clear 
why the strength of the trends differs between pCO2 products and GOBMs. One possibility is that the pCO2 prod-
ucts spuriously overestimate recent trends in the ocean CO2 sink, due to artifacts of the interpolation algorithms 
when applied to sparse and irregular pCO2 observations (Denvil-Sommer et al., 2021; Gloege et al., 2021; Hauck 
et  al.,  2023). Another possibility is that the pCO2 products are capturing a real signal that is not present in 
the models. The pCO2 products and GOBMs represent climate variability in distinct ways: pCO2 products tie 
seawater pCO2 variability to the observed variability of predictors such as sea surface temperature, mixed layer 
depth, and chlorophyll concentration (e.g., Gloege et al., 2022), while GOBMs represent climate variability by 
forcing the model with reanalysis wind stress and surface buoyancy fluxes. If the trends in the pCO2 products 
are not spurious, it can be inferred that seawater pCO2 is increasing less rapidly in the ocean than is predicted 
by the GOBMs. This could reflect a general tendency of the models to underestimate the climate sensitivity of 
biogeochemical processes (Andrews et al., 2013; DeVries et al., 2019), or be caused by processes that are not 
captured in the models, such as a slowdown of the overturning circulation leading to enhanced trapping of DIC in 
the deep ocean (DeVries et al., 2017). It is also possible that some of the trends seen in the pCO2 products reflect 
variability in the input of carbon or alkalinity at the land-sea interface (Drake et al., 2018; Regnier et al., 2013).

3.2. Changes in Interior DIC Storage

3.2.1. Results From RECCAP2 Models and Observation-Based Products

Vertically integrated rates of DIC change are shown in Figure 5 for the RECCAP2 products that provide esti-
mates of interior ocean DIC changes. These include the GOBMs (Figure 5a), the two OCIMs (Figure 5b), the 
ECCO-Darwin (Figure 5c), and the eMLR-C* product (Figure 5d). Although the different classes of products 



Global Biogeochemical Cycles

DEVRIES ET AL.

10.1029/2023GB007780

16 of 32

capture different mechanisms that drive variability in DIC concentrations over time (Table 1), here we directly 
compare the results from each product before using them to separately diagnose the components of DIC vari-
ability over time (Section 3.2.2). Because some of the products do not cover the entire RECCAP2 period, we 
normalize the change in DIC concentration in each product by the time period covered by each product, which 
makes their magnitudes comparable.

The GOBMs displays an increase in DIC storage throughout most of the ocean over the period 1985–2018 
(Figure 5a; Simulation A can be compared to air-sea fluxes reported in Figure 1a). The increase in DIC storage 

Figure 5. Rate of change in the vertical integral of dissolved inorganic carbon (DIC) storage for (a) the global ocean 
biogeochemical models (GOBMs) from 1985 to 2018, (b) ocean circulation inverse model from 1985 to 2018, (c) 
ECCO-Darwin from 2001 to 2018, and (d) eMLR-C* from 1994 to 2007. Simulation A is used for all models. Rates are 
calculated by subtracting the vertically integrated DIC concentration in 1985 from the vertically integrated DIC concentration 
in 2018, or the start and end years of each product, and dividing by the number of years elapsed. For GOBMs the mean of 
11 models is shown, not including the CCSM. Numbers in parentheses in the title are the areal average rate of change in DIC 
accumulation over the time period covered by each product. The zero contour is shown as a solid line in all plots. Figure S4 in 
Supporting Information S1 shows accumulation rates in these products (except ECCO-Darwin) over the 1994–2007 period.
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is most pronounced in the North Atlantic, where vertically integrated rates of DIC accumulation reach up to 
2 mol m −2 yr −1. DIC accumulation rates of ∼1 mol m −2 yr −1 are found in the Southern Ocean and Southern 
Hemisphere subtropics, largest in the Indian sector of the Southern Ocean. Weakest accumulation rates occur in 
the eastern tropical Pacific, and parts of the North Pacific, where a small loss of DIC over the RECCAP2 period 
is evident in some areas (Figure 5a). DIC accumulation rates in the OCIM are similar to those of the GOBMs at 
the large scale, although the OCIM shows greater accumulation of DIC in the western North Atlantic than the 
GOBMs, and less accumulation in the Antarctic sector of the Southern Ocean (Figure 5b). There are no regions 
of negative DIC accumulation in the OCIM, because the OCIM primarily captures the accumulation of anthropo-
genic CO2 (Table 1), which is positive over the RECCAP2 period due to rising atmospheric CO2.

The ECCO-Darwin DIC accumulation rates are very different from those in the GOBMs and OCIM (Figure 5c). 
DIC accumulation is strongest in the Southern Ocean and the western North Pacific, while the subpolar North 
Atlantic, equatorial West Pacific, and northeastern Pacific are all losing DIC. These large regions of DIC loss 
are at least partially due to a negative Fland-sea of −1.3 PgC yr −1 in the ECCO-Darwin model, which is due to 
burial of carbon in seafloor sediments that is not balanced by riverine carbon inputs (Table S1 in Supporting 
Information S1). As a result, the ocean loses DIC over time, counteracting some of the DIC gained by anthropo-
genic CO2 uptake. Nonetheless, the ECCO-Darwin shows much greater spatial variability in DIC accumulation 
rates than the OCIM and GOBMs, and this cannot be attributed to the carbon burial which is relatively constant 
throughout the ECCO-Darwin simulation. The ECCO-Darwin model is the only model that assimilates ocean 
DIC observations, and it is designed to provide maximal consistency with the DIC observations. As such, it is 
possible that the large spatial variability seen in ECCO-Darwin reflects actual climate-driven variability in ocean 
DIC accumulation. However, it is also possible that some of the patterns seen in ECCO-Darwin are artifacts of the 
data assimilation process, since changes to biogeochemical model parameters during the assimilation may lead to 
gradients in DIC that are advected by the mean ocean circulation. Until an in-depth analysis of the mechanisms 
behind the ECCO-Darwin DIC accumulation patterns can be undertaken, it remains unclear if the patterns seen 
in Figure 5c represent real variability or assimilation artifacts.

The eMLR-C* product represents the CO2-driven and climate-driven components of anthropogenic DIC accumu-
lation in the ocean from 1994 to 2007. In this regard the DIC accumulation rate in the eMLR-C* product is most 
comparable to that in the OCIM, which captures mainly the anthropogenic CO2-driven change in DIC storage. 
Like the OCIM, the DIC accumulation rate in the eMLR-C* product is highest in the North Atlantic and displays 
preferential accumulation in the western North Atlantic, a feature which has been attributed to the flow of anthro-
pogenic CO2 along the deep western boundary current (Lee et al., 2003; Steinfeldt et al., 2009). Anthropogenic 
DIC accumulation rates in the Southern Hemisphere midlatitudes are generally larger in the eMLR-C* than those 
in the OCIM, particularly in the South Atlantic (Figure 5).

The vertical distribution of DIC storage rates reveals further differences among the various RECCAP2 prod-
ucts (Figure 6). In the Atlantic Ocean at intermediate depths (1,000–3,000 m), DIC accumulation in the OCIM 
exceeds 0.5 mmol m −3 yr −1 in the subpolar North Atlantic, while the accumulation rate in the South Atlantic 
is only 0.1  mmol  m −3  yr −1 (Figure  6b), similar to the pattern seen in the GOBMs (Figure  6a). By contrast, 
the DIC accumulation rate in the eMLR-C* product is roughly 0.2–0.3 mmol m −3  yr −1 in both the northern 
and southern hemispheres of the mid-depth Atlantic (Figure 6d). In the deep north Pacific Ocean (>1,000 m 
depth), the OCIM and eMLR-C* products both estimate very small but positive DIC accumulation rates 
(<0.1 mmol m −3 yr −1), while the GOBMs have slightly negative DIC accumulation rates in this region (Figure 6). 
Globally, the eMLR-C* has the highest rates of DIC accumulation near the surface (347 Gmol m −1 yr −1 compared 
to 317 ± 17 Gmol m −1 yr −1 in the GOBMs and 307 ± 18 Gmol m −1 yr −1 in the OCIM) as well as the highest 
accumulation rates at 3,000 m depth (14 Gmol m −1 yr −1 in the eMLR-C* compared to 6.9 ± 1.1 Gmol m −1 yr −1 
in the OCIM and 3.2 ± 11 Gmol m −1 yr −1 in the GOBMs). The eMLR-C* product does not resolve DIC storage 
below 3,000 m, which averages around 2.5 ± 0.5 Gmol m −1 yr −1 in the OCIM and 3.7 ± 11.0 Gmol m −1 yr −1 in 
the GOBMs. This deep ocean DIC accumulation equates to about 4% and 6% of the globally integrated air-sea 
CO2 flux in the OCIM and GOBMs, respectively.

The depth distribution of DIC accumulation in the ECCO-Darwin model is substantially different from all other 
data sets. Storage rates are high near the surface, but drop to very low or negative values just below the surface 
mixed layer in the main thermocline, with an average accumulation of −60 Gmol m −1 yr −1 at 400 m depth. A 
secondary maximum of DIC accumulation is found at about 1,500 m depth (Figure 6c). Another significant contrast 
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Figure 6. Basin-averaged sections of trends in dissolved inorganic carbon (DIC) storage for (a) global ocean biogeochemical 
models (GOBMs) over the period 1985–2018, (b) ocean circulation inverse model over the period 1985–2018, (c) 
ECCO-Darwin over the period 2001–2018, and (d) eMLR-C* over the period 1994–2007. For the GOBMs we show the mean 
of 11 models (excluding CCSM). Simulation A is used for all models. The inset plot in the bottom panel shows the areas used 
in the basin average, with the direction of the arrows following the basin averaged plots from the North Atlantic to North 
Pacific. The zero contour is shown as a solid line in all plots. The right hand plots in each panel show the globally integrated 
rate of DIC accumulation with depth (shading indicating the ensemble standard deviation), such that the vertical integral 
of the DIC accumulation rate with depth equals the globally integrated DIC accumulation rate. Figure S5 in Supporting 
Information S1 shows accumulation rates in these products (except ECCO-Darwin) over the 1994–2007 period.
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between the ECCO-Darwin and other products is found in the deep Pacific Ocean where the ECCO-Darwin is 
accumulating DIC, while the GOBMs are losing DIC and the anthropogenic estimates (OCIM and eMLR-C*) 
show essentially zero to very little accumulation. The same caveats placed on ECCO-Darwin for Figure 5 apply 
here—it is still unclear if these patterns represent real-world variability or assimilation artifacts in this model.

3.2.2. Mechanisms Contributing to Changes in DIC Storage in RECCAP2 Products

The differences in DIC storage rates among the RECCAP2 products can be attributed to the different compo-
nents of DIC storage that are captured by each method (Table 1), as well as structural biases of these products. 
To more directly compare the products, and to examine the mechanisms driving the DIC accumulation rates, we 
separated the vertically integrated DIC accumulation rates shown for the GOBMs in Figure 5 into anthropogenic 
CO2-driven and climate-driven components of DIC accumulation, and compared these to the same components 
diagnosed from the OCIM and eMLR-C* methods.

The results show that anthropogenic DIC accounts for the majority of DIC accumulation in the GOBMs (Figure 7a), and 
the largest single driver of DIC accumulation in the GOBMs is the anthropogenic CO2-driven component (Figure 7c). 
The total anthropogenic effect (the sum of the CO2-driven and climate-driven components) is directly comparable 
to the eMLR-C* product (Figures 7a and 7b). These two independent estimates are qualitatively and quantitatively 
similar, with highest anthropogenic DIC accumulation rates in the subpolar North Atlantic and subantarctic Southern 
Ocean. The eMLR-C* product displays slightly larger anthropogenic DIC accumulation rates in the Southern Hemi-
sphere and subtropical North Atlantic than the GOBMs, while the GOBMs have slightly more anthropogenic DIC 
accumulation in the Antarctic region of the Southern Ocean south of ∼50°S (Figures 7a and 7b). The anthropogenic 
CO2-driven DIC accumulation in the GOBMs can be directly compared to that in the OCIM (Figures 7c and 7d), 
revealing consistent patterns of anthropogenic DIC accumulation. The largest difference between these two products 
is in the subtropical North Atlantic, where the OCIM predicts nearly twice as rapid DIC accumulation in the western 
Atlantic, a region associated with the southward flow of anthropogenic DIC in the deep western boundary current. 
The OCIM also has slightly larger anthropogenic CO2-driven DIC accumulation rates in the intermediate and mode 
water formation regions of the subantarctic Southern Ocean and northwest Pacific than the GOBMs.

The climate-driven anthropogenic DIC accumulation can also be isolated in the GOBMs (Figure 7e). This 
component is seen to be quite small, with the primary feature being a very slight enhancement of anthro-
pogenic DIC accumulation throughout much of the Southern Hemisphere, especially in the Pacific Ocean 
(Figure  7e; this feature is also seen over the period 1994–2007 in Figure S6 of the Supporting Informa-
tion S1). These changes could be related to changes in the Southern Hemisphere mid-latitude westerly winds 
(Swart & Fyfe, 2012; Waugh et al., 2013) which control anthropogenic DIC uptake in the Southern Ocean 
by controlling the wind-driven Ekman transport and subduction of anthropogenic DIC in mode and interme-
diate waters, and the upwelling of anthropogenic DIC-free waters south of the polar front (Ito et al., 2010). 
No other RECCAP2 product yields a direct estimate of the climate-driven anthropogenic DIC accumula-
tion for comparison to the GOBMs, but the eMLR-C* (Figure 7b) and OCIM (Figure 7d) estimates can be 
subtracted to yield a rough approximation of this component (Figure 7f). This quantity is identical to the 
so-called “anomalous change” in the anthropogenic carbon inventory derived by Gruber et al. (2019a, 2019b) 
for the eMLR-C* product. This estimate produces more coherent spatial patterns than the GOBMs, with DIC 
accumulation in the South Atlantic and most of the mid- to low-latitude oceans, along with DIC loss in the 
subpolar North Atlantic and Pacific and Indian sectors of the Southern Ocean (Figure 7f). While it is tempting 
to attribute these patterns to climate variability, the difference between the eMLR-C* and OCIM products is 
similar in magnitude to the biases of the eMLR-C* method identified from testing the method with synthetic 
data from a GOBM (Clement & Gruber, 2018). Combined with structural biases in the OCIM (such as neglect 
of seasonality and small-scale circulation features), means that the uncertainty of the values in Figure 7f is 
likely larger than their mean. Nevertheless, a recent update of the eMLR-C* estimates by Müller et al. (2023) 
also suggests substantial climate-driven variability in the oceanic storage of anthropogenic carbon similar to 
that shown in Figure 7f.

Regardless of their different spatial patterns, both the GOBMs (Figure  7e) and the eMLR-C*-OCIM differ-
ence (Figure 7f) suggest that the climate-driven anthropogenic DIC uptake is much smaller than the CO2-driven 
anthropogenic DIC uptake. This is likely to hold true while atmospheric CO2 concentrations continue to rise 
exponentially, but the influence of climate change may become more influential once atmospheric CO2 concen-
trations plateau and start to decline (Ridge & McKinley, 2021).
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The GOBMs are the only RECCAP2 product which can directly diagnose the DIC accumulation due to the 
effects of climate variability on natural DIC cycling (Figure 7g). This component is substantially larger than 
the climate-driven anthropogenic DIC accumulation in the GOBMs, and shows more coherent spatial patterns, 
with reductions in natural DIC in the western boundary current regions of the North Atlantic and North Pacific 
during the RECCAP2 period. This explains in part why the GOBMs have smaller total DIC accumulation in 
these regions compared to the OCIM (cf., Figure 5). The GOBMs also lost substantial amounts of natural DIC 

Figure 7. Vertically integrated rate of dissolved inorganic carbon (DIC) storage broken down into components using 
combinations of global ocean biogeochemical model (GOBM) simulations (left column) and from other models and products 
(right column). The top row is the rate of total anthropogenic DIC accumulation from (a) GOBMs (simulations A–D) and 
from (b) the eMLR-C* product. Note that the GOBMs cover the entire RECCAP2 period 1985–2018 while the eMLR-C* 
product covers only 1994–2007. The second row is the rate of anthropogenic CO2-driven DIC accumulation from (c) the 
GOBMs (simulations C–B) and (d) the ocean circulation inverse model (OCIM) (simulations C–B). The third row shows 
the storage rate of the climate-driven anthropogenic DIC accumulation, determined from (e) the GOBMs using simulations 
(A–D)–(C–B), and from (f) the difference between the eMLR-C* product and the OCIM anthropogenic CO2-driven 
component. The bottom row shows (g) the effect of climate-driven variability on natural DIC accumulation, from simulations 
D–B in the GOBMs. GOBM results are the average of all models that are available for that combination of simulations, 
except for the CCSM (see Table S1 in Supporting Information S1). The zero contour is shown as a solid line in all plots. 
Figure S6 in Supporting Information S1 shows a version of this figure over the period 1994–2007 for all products.
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in the South Pacific and the Pacific sector of the Southern Ocean over the 
RECCAP2 period. In contrast, climate variability drove an accumulation of 
DIC in the GOBMs in the eastern South Pacific near South America, and in 
a zonal strip of the western tropical North Pacific near 15°N.

In all, the results in Figure  7 indicate good agreement on the magnitudes 
and spatial patterns of anthropogenic DIC accumulation in the ocean from a 
variety of methods, and that the majority of anthropogenic DIC accumula-
tion is from the atmospheric CO2 increase, with small changes attributable 
to climate change and/or variability. The dominance of the anthropogenic 
component in DIC accumulation in the GOBMs stems from the dominance 
of the anthropogenic component of the air-sea CO2 fluxes in these models 
(Figures 3 and 4). It should be noted, however, that this component is less 
dominant in the observation-based estimates. For example, in the pCO2 prod-
ucts the climate-driven natural component of air-sea CO2 fluxes is much 
more variable than in the GOBMs (Figure  4). The ECCO-Darwin model, 
which is tuned to interior DIC observations, also exhibits much more vari-
ability than the GOBMs, both in terms of the temporal variability of the 
air-sea CO2 fluxes and in the spatial variability of DIC accumulation rates 
(Figures  2 and  5). However, the ECCO-Darwin results are subject to the 
caveats discussed above regarding the potential for assimilation-induced 
model drifts to affect their results.

4. Discussion
4.1. Comparison of the Global Ocean CO2 Sink in RECCAP2 Versus 
RECCAP

Here, we assess differences between the results of RECCAP2 and the orig-
inal RECCAP for the common period 1990–2009 covered by each analysis. 
Section 4.3 provides an updated “best estimate” of the ocean CO2 sink for the 
period 2001–2018 from RECCAP2. Table S3 in Supporting Information S1 

also provides an analysis of fluxes across different time periods, as well as a comparison to regional sea-air CO2 
fluxes.

For the nominal period 1990–2009, the globally integrated net sea-air CO2 flux varies from −1.5  ±  0.2 to 
−2.6 ± 0.3 PgC yr −1 in different products considered for RECCAP2 (Table 2). This compares to the RECCAP 
estimate of −1.6 ± 0.5 PgC yr −1 for Fsea-air. Much of the differences in Fsea-air among the RECCAP2 products is 
due to the fact that they resolve different components of the sea-air CO2 flux. Table 2 presents these components 
separately in order to better assess the level of agreement or disagreement among the RECCAP2 products and 
the original RECCAP analysis.

Anthropogenic CO2 fluxes from RECCAP2 products range from −2.0  ±  0.2  PgC  yr −1 in the GOBMs to 
−2.6 ± 0.3 PgC yr −1 in the eMLR-C* product, with a middle value of −2.3 ± 0.1 PgC yr −1 in the OCIM. These 
estimates are larger, but not significantly so, than the original RECCAP study, which estimated an anthropo-
genic CO2 flux of −2.0 ± 0.6 PgC yr −1 (W2013). The original RECCAP value was for the total anthropogenic 
CO2 flux, and did not separately report values for the CO2-driven and climate-driven anthropogenic CO2 fluxes 
components. For RECCAP2, the GOBMs and OCIM estimate that the CO2-driven anthropogenic flux (Fant,CO2) is 
−2.0 ± 0.2 PgC yr −1 and −2.3 ± 0.1 PgC yr −1, respectively. The climate-driven anthropogenic flux is negligible 
in the GOBMs at −0.03 ± 0.03 PgC yr −1. If we interpret the difference between the eMLR-C* and the OCIM as 
representing Fant,CO2 (e.g., Gruber et al., 2019a, 2019b), then Fant,CO2 is slightly larger at 0.2 PgC yr −1 (Table 2), 
but this estimate likely carries >100% uncertainty.

Globally integrated natural sea-air CO2 fluxes consist of the component that balances the net land-sea carbon 
flux at steady-state (Fland-sea,ss) and the climate-driven natural CO2 flux (Fnat, climate). For RECCAP2, both of 
these components were assessed in the GOBMs. Fnat, climate is small but positive in the GOBMs, at a value of 
0.1  ±  0.1  PgC  yr −1 over the 1990–2009 period (Table  2). The mechanisms responsible for this outgassing 

Fsea-air Globally integrated flux (Pg C yr −1)

GOBMs a −1.9 ± 0.3

pCO2 products (UOEX) −1.5 ± 0.2 (−1.9 for UOEX)

OCIM −2.3 ± 0.2

eMLR-C* b −2.6 ± 0.3

RECCAP c −1.6 ± 0.5

Fant (Fant,CO2 + Fant, climate) d

 GOBMs −2.0 ± 0.2 (−2.0 ± 0.2–0.03 ± 0.03)

 OCIM −2.3 ± 0.1 (−2.3 ± 0.1 + ND)

 eMLR-C* −2.6 ± 0.3 (ND − 0.2 e)

 RECCAP c −2.0 ± 0.6

Fnat (Fland-sea,ss + Fnat, climate) d

 GOBMs 0.0 ± 0.2 f (−0.11 ± 0.25 g + 0.1 ± 0.1)

 RECCAP c ND (0.45 ± 0.2 + ND)

Note. Numbers are for the time period 1990–2009, except for the eMLR-
C* product which is for 1994–2007. ND indicates no data for that particular 
product.
 aGOBMs corrected for drift  +  bias by subtracting simulation B from 
simulation A.  bChange in ocean interior anthropogenic DIC for the period 
1994–2007.  cFrom Wanninkhof et  al.  (2013).  dSum of components may 
not add up to total due to rounding errors and/or model drifts.  eDifference 
between eMLR-C* Fant and OCIM Fant,CO2.  fFrom Simulation D, also 
includes model drifts and biases.  gFland-sea from GOBMs that resolve river 
and/or burial fluxes only.

Table 2 
Net Sea-Air CO2 Flux and Its Components From RECCAP2 Products and 
the First RECCAP Analysis
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of  natural CO2 have not been assessed here, but likely include a combination of ocean warming and circulation 
changes (DeVries, 2022; Le Quéré et al., 2010; Terhaar et al., 2022). RECCAP did not assess climate-driven 
fluxes of natural CO2, so cannot provide a comparison to the RECCAP2 models. The RECCAP assessment did 
report an estimate of Fland-sea,ss of 0.45 PgC yr −1, which was adopted from a joint global ocean-atmosphere inver-
sion model (Jacobson et al., 2007). Several of the RECCAP2 GOBMs do not include a representation of land-sea 
carbon fluxes, but those that do estimate a Fland-sea,ss of −0.11 ± 0.25 PgC yr −1 (Table 2). This is far less than the 
RECCAP value and less than a recent global assessment of 0.65 ± 0.3 PgC yr −1 (Regnier et al., 2022), and is 
likely due to the incomplete representation of riverine and coastal carbon fluxes in GOBMs, which is a known 
shortcoming of these models (e.g., Hauck et al., 2020; Resplandy et al., 2023). Nonetheless, we report the Fland-sea 
values from the GOBMs to illustrate that our ability to represent this flux in models is still in the developmental 
stage, and has not progressed much since the first RECCAP assessment.

4.2. Additional Uncertainties and Biases in Estimates of the Global Ocean CO2 Sink

The uncertainties reported throughout this study are based on the spread of values in different product ensembles. 
This ensemble spread does not always capture the full uncertainty associated with each product or method, since 
ensemble members often share structural uncertainties due to common assumptions and biases. Before reporting 
our updated best estimate of the contemporary oceanic CO2 sink in Section 4.3, we will briefly consider some of 
these additional uncertainties and attempt to estimate their magnitude for each class of products. We focus here 
on uncertainties that affect the multi-decadal average air-sea fluxes derived from these products, and not their 
interannual or decadal variability.

The pCO2-observation products suffer from structural uncertainties and biases due to sparse data coverage, as 
well as their algorithms, parameterizations and input data. Data coverage for these products has significantly 
improved since roughly the year 2000, and these products appear to reliably reconstruct the mean and seasonal 
cycle of the open-ocean sea-air CO2 fluxes at their relatively coarse spatial and temporal resolution (Gloege 
et al., 2021). However, limitations of these products are evident in the coastal regions where spatial and temporal 
variability of air-sea CO2 fluxes is large (Sharp et al., 2022), as well as in the high latitudes such as the Southern 
Ocean where seasonal biases in sampling are most pronounced (Gray et al., 2018). Although some products have 
been developed to better resolve coastal air-sea CO2 fluxes at appropriate resolution (e.g., Roobaert et al., 2019) 
and to integrate new data streams at high latitudes (Bushinsky et al., 2019), integrating these regions into global 
pCO2 products is still in its beginning stages (Fay et al., 2021; Landschützer et al., 2020; Roobaert et al., 2023).

The parameterization of air-sea CO2 fluxes in these products is another source of uncertainty and potential bias. 
Almost all of the pCO2 products use a quadratic relationship between wind speed and gas transfer velocity, which 
is an empirical approximation of complex physics governing the interaction between winds, waves, currents, and 
gas transfer (e.g., McGillis et al., 2001; Shin et al., 2022). This relationship is not appropriate under all conditions, 
such as very low or very high wind speeds (Wanninkhof & McGillis, 1999; Wanninkhof et al., 2009). Moreover, 
the air-sea CO2 flux calculations from pCO2 products ignore small-scale temporal variability (e.g., diurnal and 
day-to-day variability) that could be an important contributor to CO2 fluxes, especially given nonlinearities 
between the wind speed and gas transfer velocity (Bates & Merlivat, 2001; Djeutchouang et al., 2022; Sutton 
et al., 2021). Poor understanding of the impact of sea ice on air-sea CO2 exchange contributes to large uncertainty 
in the polar oceans (Watts et al., 2022). Furthermore, differences between the temperature and salinity of the 
thin surface “skin” layer of the ocean and the bulk of the surface mixed layer could introduce significant biases 
into sea-air CO2 flux calculations at global scales (Watson et al., 2020). None of these uncertainties and biases 
are captured by the ensemble uncertainty reported here. Studies suggest that these issues could lead to addi-
tional uncertainties on the order of 30% (Bushinsky et al., 2019; Landschützer et al., 2014; Roobaert et al., 2018; 
Wanninkhof, 2007; Watson et al., 2020; Woolf et al., 2019), or around ±0.6 PgC yr −1 in the globally integrated 
net air-sea CO2 flux.

GOBMs also suffer from structural biases. For one, GOBMs are seldom spun up to equilibrium under prein-
dustrial atmospheric CO2 concentrations, both because of computational constraints and because long spin-up 
times tend to accentuate errors in modeled circulation and biogeochemistry (Séférian et al., 2016). This may lead 
to biases in the ocean chemical buffering capacity and the rate of oceanic CO2 uptake (Bronselaer et al., 2017; 
Terhaar et al., 2022, 2023). Even seemingly small inconsistencies in how the models are initialized and spun 
up can have relatively large impacts on air-sea CO2 fluxes in these models (Séférian et al., 2016). GOBMs also 
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have known biases in their representation of physical processes such as ocean 
ventilation and overturning, due to their coarse resolution and parameteriza-
tion of unresolved processes such as mixing and eddies (Doney et al., 2004; 
Gent, 2016; Large et al., 1994). As an example of the effects of such parame-
terizations, the rate of Atlantic Meridional Overturning Circulation (AMOC) 
in the RECCCAP2 GOBMs ranges from 3 to 24 Sv for models that all use 
similar surface forcing (Table S1 in Supporting Information S1), compared to 
an observed AMOC of roughly 17–18 Sv (Frajka-Williams, 2015). Another 
source of bias is that coarse-resolution GOBMs do not resolve coastal 
processes, nor do they fully resolve the processes and fluxes of carbon from 
terrestrial to marine environments, or at the sediment-water interface, which 
we have here called the net land-sea carbon fluxes. Despite these issues, 
GOBMs have great utility for understanding the processes that limit the rate 

of oceanic anthropogenic CO2 uptake (e.g., Sarmiento et al., 1992), and they remain one of the few tools for 
understanding how climate change is influencing air-sea CO2 fluxes, since they can be run both with and without 
climate variability, as done here and in previous studies (e.g., DeVries et al., 2019; Le Quéré et al., 2010).

Data assimilation is a promising approach for constraining the global ocean carbon sink and its variability, but 
the assimilation models used here come with caveats and biases that can limit their utility. The OCIM does not 
resolve biological carbon cycling, nor does it resolve climate-driven variability in ocean circulation and biogeo-
chemistry. For these reasons its usefulness is primarily in constraining the CO2-driven anthropogenic DIC uptake 
by the ocean, Fant,CO2. However, the coarse spatial resolution and lack of seasonal variability and biological carbon 
cycling in the OCIM could still bias its estimates of Fant,CO2. Seasonality is known to influence rates of anthropo-
genic CO2 uptake (Rodgers et al., 2008), and this variability will become more important as the ocean acidifies 
and the Revelle buffer factor increases, enhancing the biologically and temperature-driven seasonal variations in 
seawater chemistry (Fassbender et al., 2018, 2022; Hauck & Völker, 2015; Rodgers et al., 2023). The influence 
of missing seasonality, small-scale circulation features, and biology on anthropogenic CO2 uptake by the OCIM 
has not been quantified, but here we adopt an ad hoc estimate of about 10%–15%, or an additional 0.3 PgC yr −1 
uncertainty to the OCIM estimates of Fant,CO2.

The ECCO-Darwin assimilation model improves on the OCIM in some respects by running at a higher spatial 
resolution (Table S1 in Supporting Information S1), including biological carbon cycling and ecology of lower 
trophic levels, and resolving seasonal to interannual variability. However, it too suffers from some serious biases. 
For one, the model is not fully spun up to equilibrium under preindustrial conditions before assimilation. The 
biogeochemical assimilation period itself is short (starting in 1992) and therefore introduces drifts into the model 
as the biogeochemical parameters adjust from their initial values. Furthermore, the model has an unrealistically 
large sedimentary carbon burial flux (1.3 PgC yr −1) which is not balanced by river carbon inputs. This alone 
could bias the ECCO-Darwin sea-air CO2 fluxes by over 1 PgC yr −1.

The eMLR-C* product provides an estimate of the oceanic anthropogenic CO2 sink that is unique from the other 
RECCAP2 products in using interior DIC observations (Clement & Gruber, 2018). However, significant uncer-
tainties remain with this method as with others. Validation of the approach using output from a biogeochemical 
model demonstrated that the eMLR-C* approach accurately reconstructed the anthropogenic DIC inventory 
change within about 10% at a global scale (Clement & Gruber, 2018). Using actual ocean DIC observations that are 
considerably noisier than model output, Gruber et al. (2019a, 2019b) estimated an uncertainty of ±0.3 PgC yr −1. 
Unaccounted-for uncertainties that could raise this estimate include the unassessed influence of anthropogenic 
perturbations to the land-sea carbon fluxes (e.g., Regnier et al., 2013), and the growing influence of seasonal 
variability in affecting anthropogenic carbon uptake at high CO2 concentrations (e.g., Hauck & Völker, 2015).

4.3. A Best Estimate of the Ocean CO2 Sink From 2001 to 2018

As was done for the original RECCAP, we offer here a “best estimate” of the oceanic CO2 sink and its components 
in the contemporary ocean (Table 3). We focus on the period 2001–2018, when there is improved data coverage 
and forcing fields for pCO2 products and GOBMs, and to update our estimates from the original RECCAP period 
of 1990–2009. For the net sea-air CO2 flux, Fsea-air, we adopt the estimate from the pCO2-observation products 
of −1.9 PgC yr −1. The uncertainty on this flux derived from the pCO2-product ensemble is ±0.2 PgC yr −1, but 
this small uncertainty likely derives from the similarities in data processing and input data used for sea-air CO2 

Sea-air 
CO2 flux 
component

Value 
(PgC yr −1)

Reported 
uncertainty

Additional 
uncertainty 
(estimated) Source

Fsea-air −1.9 ±0.2 ±0.6 pCO2 products

Fant,CO2 −2.7 ±0.1 ±0.3 OCIM

Fland-sea,ss +0.65 ±0.3 – Regnier et al. (2022)

Fclimate +0.1 ±0.1 ±0.3 GOBMs

Table 3 
“Best Estimate” of Ocean Carbon Sink Components Averaged Over the 
Time Period 2001–2018
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flux algorithms that are common to all products (Table S2 in Supporting Information S1). As discussed above 
(Section 4.2) we estimate an additional ±0.6 PgC yr −1 uncertainty on this flux to account for factors such as the 
wind speed dependency of the gas transfer velocity, the unresolved influences of small-scale variability, and 
sampling limitations in coastal and high-latitude regions.

For the anthropogenic CO2-driven component of the sea-air CO2 flux, Fant,CO2, we use the estimate from the 
OCIM of −2.7  PgC  yr −1. We use the OCIM, rather than the GOBMs for this component as the OCIM is a 
data-assimilated model that accurately represents ocean ventilation and overturning circulation, which is the 
leading order process for oceanic anthropogenic CO2 uptake (Davila et  al.,  2022; Iudicone et  al.,  2016; Orr 
et al., 2001; Sarmiento et al., 1992; Terhaar et al., 2021). Also, the OCIM is fully spun up to chemical equilibrium 
under preindustrial conditions unlike the GOBMs. The OCIM estimate comes with a small ensemble uncertainty 
of ±0.1 PgC yr −1 from two different configurations of the OCIM. As discussed above (Section 4.2) we adopt an 
ad hoc value of ±0.3 PgC yr −1 for additional uncertainties from the influence of unresolved processes such as 
small-scale circulation features, seasonal variability, and biological processes.

The preindustrial net land-sea carbon fluxes lead to a net outgassing of CO2 at steady, Fland-sea,ss. Despite the large 
magnitude of this flux it is not well represented in any of the RECCAP2 products, so here we adopt the recent 
bottom-up estimate of 0.65 PgC yr −1 from Regnier et al. (2022). This is larger than the RECCAP estimate of 
0.45 PgC yr −1 (W2013), but also comes with a substantial uncertainty of ±0.3 PgC yr −1. This uncertainty is esti-
mated by propagating errors in different estimates of the carbon fluxes along the land-ocean-aquatic continuum 
(Regnier et al., 2022), and is likely a lower-bound uncertainty estimate although we do not attempt to estimate 
additional unresolved uncertainties here.

Finally, the smallest and relatively most uncertain component of the contemporary global sea-air CO2 flux is that 
driven by climate variability and change, Fclimate. The GOBMs provide the only direct estimate of this component, 
averaging 0.1 PgC yr −1. The ensemble uncertainty of this flux is ±0.1 PgC yr −1, but this is an underestimate of 
the true uncertainty as it derives only from the GOBM ensemble standard deviation. How much additional uncer-
tainty there is can be roughly estimated by comparing the climate-driven trend in the GOBMs with that derived 
by subtracting modeled anthropogenic trends from the pCO2 products (see Section 3.1.2). The pCO2 products 
suggest a climate-driven trend of nearly −0.3 PgC yr −1 decade −1 from 2001 to 2018, compared to climate-driven 
trend near 0 in the GOBMs (cf., Figure 4). We thus estimate an additional uncertainty of ±0.3 PgC yr −1 on Fclimate, 
due to the influence of climate variability and change on the global ocean carbon sink that may not be fully 
resolved by the GOBMs. This is only an estimate, and must be caveated by the fact that the trends in the pCO2 
products that are here attributed to climate variability may also be inaccurate (e.g., Gloege et al., 2021; Hauck 
et al., 2023).

5. Conclusions
The RECCAP2 analysis has provided a comprehensive view of the global ocean CO2 sink for the period 1985–
2018 from a variety of model and observation-based products. Here, we summarize the main findings of the 
RECCAP2 global ocean analysis and provide recommendations for future work to target the most critical uncer-
tainties in the global ocean carbon sink.

To summarize our findings for the mean, variability, and trends of the ocean CO2 sink over the RECCAP2 period:

•  Mean: The mean ocean net sea-air CO2 flux from 1985 to 2018 is −1.6 ± 0.2 PgC yr −1 as diagnosed by 
pCO2-observation based air-sea CO2 flux products. The dominant component of this flux is the oceanic 
uptake of anthropogenic CO2, which is estimated at −2.1 ± 0.3 PgC yr −1 by the ensemble of GOBMs, and 
−2.4  ±  0.1  PgC  yr −1 by the data-assimilated OCIM. The second largest component of the global air-sea 
CO2 flux is the outgassing of terrestrially derived CO2, which is estimated at 0.65 ± 0.3 PgC yr −1 (Regnier 
et al., 2022) but is not yet fully resolved by RECCAP2 models.

•  Trends: The trend in the global air-sea CO2 flux from 1985 to 2018 ranges from −0.26 ± 0.04 PgC yr −1 decade −1  
in the GOBMs to −0.38 ± 0.24 PgC yr −1 decade −1 in the pCO2 products. Over the 2001–2018 period, when 
the pCO2-based estimates benefit from improved data coverage, they predict a strengthening trend in the 
ocean carbon sink of −0.61 ± 0.12 PgC yr −1 decade −1. This is driven primarily by the trend in anthropogenic 
carbon uptake of −0.41 ± 0.03 PgC yr −1 decade −1 as diagnosed by the OCIM. The remaining trend is inferred 
to be climate-forced. This putative climate-forced strengthening of the ocean carbon sink since 2001 in the 
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pCO2 products is not apparent in the GOBMs, and thus the robustness of and the reasons for this trend remain 
unclear.

•  Variability: In the GOBM simulations, the interannual to decadal variability of the global carbon sink is 
mainly driven by climate variability, with the climate-driven variability exceeding the CO2-forced variability 
by 2–3 times. GOBMs suggest that the climate-driven variability is about 4%–8% of the global mean carbon 
sink, but the pCO2 products exhibit larger variability that is about 9%–14% of the global mean flux.

It should be clear from this analysis that while we have in some respects a good understanding and quantification 
of the global ocean CO2 sink, there are other areas that are considerably less well understood. We suggest that 
research in the next several years should focus on four critical areas:

1.  The land-sea carbon flux, which represents the difference between the influx of terrestrial carbon to the 
ocean and the burial of carbon in marine sediments, is the second largest component of the global air-sea CO2 
flux, but is poorly represented in most models and is less well studied than the anthropogenic CO2 fluxes. 
There is a critical need to increase both direct and indirect observations of these fluxes, and to better integrate 
these fluxes into carbon cycle models, so that more constraints can be brought to bear on the magnitude of 
the land-sea carbon fluxes. For GOBMs, this will require better coupling between the terrestrial and oceanic 
environments, and better representation of processes at the land-sea interface, such as terrestrial carbon 
burial and transformation to CO2 on continental shelves and in estuaries (Regnier et al., 2022). The pCO2 
products need to represent unique dynamics of the sea-air CO2 fluxes in different coastal regions, includ-
ing their high spatial and temporal variability (e.g., Sharp et al., 2022), and to merge these fluxes with the 
open-ocean products in a consistent way. A lack of observations in some coastal regions, particularly in the 
tropical oceans (Roobaert et al., 2023), could hinder these efforts and should be a target for new observational 
programs.

2.  The climate-driven sea-air CO2 fluxes remain highly uncertain and inconsistently captured across different 
products, making it difficult to ascertain the effect that climate change is having on the ocean carbon sink. The 
pCO2-based products require further validation to assess if their algorithms are introducing biases that can 
be incorrectly attributed to climate variability (e.g., Denvil-Sommer et al., 2021; Gloege et al., 2021; Hauck 
et al., 2023), and if so, further refinement of these algorithms is needed. GOBMs require higher resolution to 
ensure that they are correctly capturing all the relevant scales of climate-driven variability. Given the need to 
also lengthen the spinup phase of these models to reach preindustrial equilibrium, achieving a higher resolu-
tion may require substantial technological or methodological innovations.

3.  Data assimilation models provide a potential avenue for alleviating some of the structural errors and biases in 
ocean biogeochemical models (e.g., Fennel et al., 2022). They also have the ability to integrate multiple data 
sources, which together can provide stronger constraints on global carbon cycling than those derived from a 
single data source such as the purely pCO2-based or DIC-based products. Future assimilation systems should 
harness the complementary strengths of the assimilation models used here. Such a system needs to represent 
the multi-scale variability of physical and biological processes like the ECCO-Darwin, while maintaining the 
ability of the OCIM to accurately capture the oceanic mean state by incorporating information from multiple 
circulation tracers and performing long-timescale (∼1,000 years) assimilations. Incorporating new informa-
tion into these models from sources such as atmospheric oxygen (e.g., Manning & Keeling, 2006; Resplandy 
et al., 2019) and stable carbon isotopes (Quay et al., 1992) could help further constrain sea-air CO2 fluxes and 
their anthropogenic- and climate-driven components.

4.  Perhaps most critically, it is imperative to maintain and expand the ocean observing systems that form the 
backbone of our assessments of the ocean carbon sink, including maintaining the network of surface ocean 
pCO2 measurements through programs such as SOCONET (Wanninkhof et al., 2019), and data assembly and 
quality control programs such as SOCAT (Bakker et al., 2016). It is also critical to maintain regular sampling 
of ocean carbonate system parameters and transient tracers by repeat hydrography programs such as GO-SHIP 
(Talley et al., 2016). Finally, it is important to support emerging technologies, including autonomous plat-
forms such as biogeochemical Argo (Claustre et al., 2020) and uncrewed surface vehicles (Sutton et al., 2021), 
that can fill observational gaps in hostile and remote environments.
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