
1.  Introduction
The ocean currently absorbs roughly 25% of anthropogenic CO2 emissions (Friedlingstein et al., 2019) and is the 
largest net carbon sink for anthropogenic CO2 over the industrial era (Khatiwala et al., 2009). Recent work has 
shown that the oceanic CO2 sink is variable on interannual to decadal time scales with temporal variability of 
∼10%–20% of the global mean (Landschützer et al., 2016; Rödenbeck et al., 2015). The most significant feature 
of the ocean CO2 sink over the past 30 years was a stagnation or weakening of the ocean CO2 sink in the 1990s, 
followed by an acceleration of the global ocean carbon sink in the following decades (DeVries et al., 2017, 2019; 
Landschützer et al., 2015). The mechanisms driving these global-scale changes in the strength of the ocean CO2 
sink remain uncertain. A recent study proposed that these changes were driven by variability in the growth rate of 
atmospheric CO2 along with changes in the sea surface temperature (SST) caused by the eruption of Mt. Pinatubo 
in 1991 (McKinley et al., 2020), while other studies have suggested that these changes were driven by a redistri-
bution of carbon in the ocean due to variability associated with climate modes (Landschützer et al., 2015, 2016) 
and changes in ocean circulation (DeVries et  al.,  2017; Gruber, Landschützer, & Lovenduski,  2019; Gruber, 
Clement, et al., 2019).

These different hypotheses regarding the drivers of variability in the ocean CO2 sink can be understood in terms 
of the mechanisms affecting the air-sea CO2 flux (Figure 1). This flux is driven by the pressure gradient between 
CO2 in seawater and air and further modulated by the solubility of CO2 in seawater (α) and the air-sea gas transfer 
velocity (Kw) via the bulk formula,

𝐹𝐹𝑎𝑎𝑎𝑎𝑎𝑎−𝑠𝑠𝑠𝑠𝑠𝑠 = 𝛼𝛼𝛼𝛼𝑤𝑤 (𝑝𝑝CO2,𝑠𝑠𝑠𝑠 − 𝑝𝑝CO2,𝑎𝑎𝑎𝑎𝑎𝑎) .� (1)

The mechanisms proposed by McKinley et al. (2020) drive variability in Fair−sea through variations in atmospheric 
pCO2 (pCO2,air) and SST (through its effect on α, the CO2 solubility in seawater), while mechanisms that invoke 
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Plain Language Summary  The ocean currently absorbs about 25% of industrial CO2 emissions, 
but there are numerous factors that can cause variation in the rate of ocean CO2 uptake over time. This study 
uses a combination of observation-based models to investigate the causes of variability in the rate of ocean 
CO2 uptake. The results show that the long-term trend of ocean CO2 uptake is driven mainly by increasing 
atmospheric CO2 concentrations, but the variability from that trend is due mostly to changes in the distribution 
of CO2 in the ocean that are caused by changes in ocean circulation and biology.

DEVRIES

© 2022. The Authors.
This is an open access article under 
the terms of the Creative Commons 
Attribution-NonCommercial-NoDerivs 
License, which permits use and 
distribution in any medium, provided the 
original work is properly cited, the use is 
non-commercial and no modifications or 
adaptations are made.

Atmospheric CO2 and Sea Surface Temperature Variability 
Cannot Explain Recent Decadal Variability of the Ocean CO2 
Sink
Tim DeVries1,2 

1Department of Geography, University of California, Santa Barbara, Santa Barbara, CA, USA, 2Earth Research Institute, 
University of California, Santa Barbara, Santa Barbara, CA, USA

Key Points:
•	 �An ocean circulation inverse model is 

used to quantify abiotic air-sea CO2 
fluxes from 1780 to 2020

•	 �Increasing atmospheric pCO2 drives 
the multidecadal trend in ocean CO2 
uptake, which averages 2.7 PgC yr −1 
from 2010 to 2020

•	 �Ocean circulation and biology are 
implicated as the main drivers of 
decadal variability of the ocean CO2 
sink

Supporting Information:
Supporting Information may be found in 
the online version of this article.

Correspondence to:
T. DeVries,
tdevries@geog.ucsb.edu

Citation:
DeVries, T. (2022). Atmospheric CO2 and 
sea surface temperature variability cannot 
explain recent decadal variability of the 
ocean CO2 sink. Geophysical Research 
Letters, 49, e2021GL096018. https://doi.
org/10.1029/2021GL096018

Received 2 SEP 2021
Accepted 1 MAR 2022

10.1029/2021GL096018
RESEARCH LETTER

1 of 12

http://creativecommons.org/licenses/by-nc-nd/4.0/
http://creativecommons.org/licenses/by-nc-nd/4.0/
https://orcid.org/0000-0002-7771-9430
https://doi.org/10.1029/2021GL096018
https://doi.org/10.1029/2021GL096018
https://doi.org/10.1029/2021GL096018
https://doi.org/10.1029/2021GL096018
https://doi.org/10.1029/2021GL096018
http://crossmark.crossref.org/dialog/?doi=10.1029%2F2021GL096018&domain=pdf&date_stamp=2022-04-05


Geophysical Research Letters

DEVRIES

10.1029/2021GL096018

2 of 12

ocean circulation changes propose that the variability in Fair−sea is driven by internal redistributions of dissolved 
inorganic carbon (DIC) and alkalinity in the ocean, which influence the seawater pCO2 (pCO2,sw).

Here, I test the hypothesis that the recent variability of the ocean CO2 sink can be explained by the observed 
variability of ocean surface temperatures and atmospheric pCO2 without invoking any changes in ocean circu-
lation or biology. To test this hypothesis, I use a new version of the steady-state ocean circulation inverse model 
(OCIM; DeVries, 2014) to quantify air-sea CO2 fluxes that arise from observed changes in atmospheric pCO2 and 
SST as well as surface winds and sea ice that drive changes in the gas transfer velocity (Figure 1; Section 2). The 
global Fair−sea diagnosed from this model is compared to that derived from a suite of global ocean biogeochemical 
models (GOBMs) and pCO2-based flux products (Section 3). I compare the magnitude, trends, and variability of 
CO2 fluxes from each of these methods with a focus on the decadal variability of air-sea CO2 fluxes (Section 3). 
This comparison reveals that variations in atmospheric pCO2 and SST alone do not account for the majority of 
the decadal variability of the ocean CO2 sink reconstructed by biogeochemical models and pCO2-based products 
(Section 3). This implicates changes in ocean circulation and/or biology as the main driving forces of decadal 
variability of the global ocean CO2 sink. I close by discussing remaining uncertainties and providing suggestions 
for future work (Section 4).

2.  Methods
2.1.  Ocean Circulation Inverse Model (OCIM)

The OCIM is a three-dimensional dynamical ocean model that assimilates ocean tracer data to estimate the clima-
tological mean state of the ocean circulation. Previous versions of the OCIM have been described in DeVries 
and Primeau (2011) (OCIM0), DeVries (2014) (OCIM1), and DeVries and Holzer (2019) (OCIM2), and details 
regarding the model formulation can be found in those publications. The version used here is called OCIM2-48L 
and was described in a recent study of the ventilation of the deep Pacific (Holzer et al., 2021). The tracers assim-
ilated by OCIM2-48L include temperature, salinity, radiocarbon, CFC-11, CFC-12, and δ 3He, and additional 
constraints on the model solution include the mean dynamical sea-surface topography, and air-sea fluxes of heat 
and freshwater. An adjoint approach (Schlitzer, 1993, 2007) is used to find the optimal model parameters that 
minimize the difference between the model and observations (DeVries & Primeau, 2011). The OCIM2-48L is 
similar to the OCIM1 used in a previous study to estimate global ocean anthropogenic CO2 uptake (DeVries, 2014) 

Figure 1.  Schematic diagram illustrating the mechanisms affecting air-sea CO2 fluxes. Anthropogenic CO2 emissions drive an increase in atmospheric pCO2 (pCO2,air) 
and a long-term influx and accumulation of anthropogenic carbon in the ocean (Mikaloff Fletcher et al., 2006; Sabine et al., 2004; Sarmiento et al., 1992). The air-sea 
exchange of CO2 is further influenced by changes in the CO2 solubility (α) due to changes in sea-surface temperatures driven by air-sea heat fluxes or ocean mixing; 
by changes in winds and sea ice that influence the gas transfer velocity (Kw); by the internal redistribution of DIC and alkalinity by ocean circulation, mixing, and the 
biological pump, which affect seawater pCO2 (pCO2,sw); and by the influx of terrestrial carbon and alkalinity to the ocean. Terrestrial carbon includes inputs from rivers, 
submarine groundwaters, and coastal vegetation (Kwon et al., 2021).
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with some updates and improvements. The major improvements are a doubling of the vertical resolution from 24 
levels to 48 levels, an improved parameterization for the vertical diffusivity using a tidal energy dissipation model 
(de Lavergne et al., 2019, 2020), and inclusion of isopycnal diffusivities in the model's adjustable parameters. A 
full list of differences between OCIM2-48L and OCIM1 and a comparison between modeled and observed trac-
ers can be found in the Supporting Information (Figure S1 in Supporting Information S1). Like all the previous 
OCIM versions, OCIM2-48L neglects temporal (e.g., seasonal or interannual) variability in ocean circulation and 
thus represents a climatological steady state.

2.2.  CO2 Simulations Using OCIM2-48L

The optimized advective and diffusive transport from the OCIM2-48L is stored offline as a transport matrix 
(Khatiwala et al., 2005; Kwon & Primeau, 2006) and is used to simulate DIC in the ocean using an abiotic model. 
The governing equation for this model is

𝜕𝜕DIC

𝜕𝜕𝜕𝜕
= 𝐀𝐀DIC −

𝐹𝐹𝑎𝑎𝑎𝑎𝑎𝑎−𝑠𝑠𝑠𝑠𝑠𝑠

𝛿𝛿𝛿𝛿1
,� (2)

where A is the transport matrix operator, δz1 is the depth of the top model layer (10 m), and Fair−sea is the time-var-
ying air-sea CO2 gas exchange flux given by Equation 1. Atmospheric CO2 was derived from a compilation of 
NOAA field stations for the years 1958–2020 and from ice core data (Macfarling Meure et al., 2006) prior to 
that (see Figure S2 in Supporting Information S1). Seawater pCO2 was calculated from the modeled DIC field 
and the observed sea-surface alkalinity from the Global Ocean Data Analysis Project v2 objectively mapped 
total alkalinity field (Lauvset et al., 2016). CO2 solubility and equilibrium constants were computed using clima-
tological salinity from the World Ocean Atlas (Zweng et al., 2013) and time-varying monthly SST fields from 
various reanalysis products (see Figure S3 in Supporting Information S1). The gas transfer velocity Kw is param-
eterized as a quadratic function of wind speed and proportional to the fraction of ice-free ocean in each grid cell 
(Wanninkhof et al., 2013). Wind speeds and sea ice fraction were taken from the NCEP reanalysis (Behringer & 
Xue, 2004). The Supporting Information provides further information on the input products.

The model is spun up to a cyclostationary steady state under monthly forcing for year 1780, and then a transient 
simulation is run from 1780 to 2020 at monthly resolution. Although the surface forcing is monthly and includes 
seasonal variability, the ocean transport model is steady state, and seasonal variability in circulation and mixing 
are not simulated. Six different simulations are performed. In the first three simulations (A–C, Table S1 in 
Supporting Information S1), the atmospheric pCO2 is varied over time but the SST is held constant. In the second 
three simulations (D–F, Table S1 in Supporting Information S1), the atmospheric pCO2 and SST are both varied 
according to the observations (Figure S3 in Supporting Information S1). All simulations use a time-variable gas 
transfer velocity. Simulations (D–F) are used to test the hypothesis that recent decadal variability in ocean CO2 
uptake is driven by the variability in the atmospheric CO2 growth rate and sea surface temperatures.

Several caveats should be noted regarding the model results. First, the OCIM2-48L does not include the biolog-
ical cycling of CO2 and therefore, the natural DIC distribution in the OCIM2-48L is different from that in the 
real ocean. Therefore, the influence of changes in atmospheric pCO2 and SST on the air-sea CO2 flux will be 
different in the abiotic ocean simulated by the OCIM than in the real ocean due to differences in the seawater DIC 
distribution and the resulting buffer capacity (Watson & Orr, 2003). However, simulations with the OCIM2-48L 
that include steady-state biological carbon fluxes from a data-constrained biological pump model (DeVries & 
Weber, 2017) have global air-sea CO2 fluxes that are nearly identical to those from the abiotic model (Figure S4 in 
Supporting Information S1), demonstrating that the influence of an unchanging biological carbon cycle on these 
results is minimal. Finally, CO2 solubility can also be affected by changes in sea surface salinity, which is not 
considered in the OCIM2-48L since the variability of salinity is much smaller than that of temperature.

2.3.  GOBMs

Global air-sea CO2 fluxes from the OCIM2-48L simulations are compared to those from hindcast GOBMs 
for the period 1959–2020. Global air-sea CO2 fluxes for eight different GOBMs were obtained from the 2021 
Global Carbon Budget (Aumont et al., 2015; Berthet et al., 2019; Doney et al., 2009; Hauck et al., 2020; Lacroix 
et al., 2021; Liao et al., 2020; Schwinger et al., 2016; Wright et al., 2021). Like the OCIM2-48L simulations, 
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the GOBMs include time-varying atmospheric pCO2. They also include 
time-varying surface heat fluxes and gas transfer velocity prescribed from 
reanalysis products, which produce variable SST and CO2 solubilities in the 
model. Unlike the OCIM2-48L, the GOBMs also capture variability in air-sea 
CO2 fluxes driven by redistributions of DIC and alkalinity due to changing 
ocean circulation and biological fluxes (Figure 1; Table 1).

2.4.  Data-Based pCO2 Reconstructions

Global air-sea CO2 fluxes from four different data-based pCO2 reconstruc-
tions are also used for comparison. These products are all based on the Surface 

Ocean CO2 Atlas (SOCAT) data set of seawater pCO2 observations (Bakker et al., 2016), but use different meth-
ods to interpolate gaps in that data set to produce global monthly maps of pCO2,sw from roughly the mid-1980s 
to 2020. Each group uses these interpolated pCO2,sw maps, along with reanalysis SST and gas transfer velocities, 
to calculate the air-sea CO2 flux according to Equation 1. The products used here are four of the products used 
in the 2021 Global Carbon Budget (Chau et al., 2021; Gregor et al., 2019; Landschützer et al., 2016; Rödenbeck 
et al., 2014). Air-sea CO2 fluxes calculated from these data-based pCO2 reconstructions capture all sources of 
variability in air-sea CO2 fluxes (Figure 1; Table 1). One distinction between the pCO2-based flux products and 
the GOBMs is that the pCO2 reconstructions implicitly include the effects of terrestrial carbon inputs on the 
seawater pCO2, while those inputs are not included in the GOBMs. For the pCO2 interpolation products, we only 
use data for 1990 onward, because uncertainties prior to 1990 are large due to a lack of pCO2 observations.

3.  Results and Discussion
The globally integrated air-sea CO2 flux from the OCIM2-48L simulations D–F is shown in Figure 2a. The flux 
is always negative due to rising atmospheric pCO2 and the invasion of anthropogenic CO2 into the ocean. Since 
1960, there is a nearly linear increase in global ocean CO2 uptake, reaching a value of 2.9 PgC yr −1 in 2020. 
The mean uptake over the time period 1994–2007 is 2.2 PgC yr −1, which is somewhat smaller than the anthro-
pogenic CO2 accumulation of 2.6 ± 0.3 PgC yr −1 derived from ocean interior DIC observations for the same 
period (Gruber, Clement, et al., 2019). Simulations A–C, which do not include variable SST, yield an average 
ocean uptake of 2.4 PgC yr −1 for 1994–2007, which is close to the ocean CO2 uptake of 2.5 PgC yr −1 from the 
OCIM1 (DeVries, 2014; Figure S5 in Supporting Information S1; see Section 1.5 in Supporting inforamtion S1 
for a detailed comparison of the OCIM1 and the OCIM2-48L results). The ocean DIC inventory increased by 
183 ± 6 PgC from 1780 to 2020 in the OCIM2-48L simulations D–F (Figure 2b). The total accumulation of DIC 
in simulations A–C (i.e., neglecting the change in DIC inventory due to changes in SST) is 192 ± 0.2 PgC as of 
2020. The change in ocean carbon inventory over time in the OCIM2-48L agrees with estimates of anthropogenic 
CO2 accumulation based on ocean interior DIC observations (Gruber, Clement, et al., 2019; Sabine et al., 2004), 
the OCIM1 (DeVries, 2014) and a compilation of data- and model-based estimates of oceanic anthropogenic CO2 
uptake (Khatiwala et al., 2013; Figure 2b).

The spatial distribution of DIC accumulation since 1960, when direct atmospheric CO2 measurements become 
available, reflects a combination of air-sea CO2 fluxes and ocean circulation patterns (Figure  3). The North 
Atlantic has the highest column inventory of accumulated DIC due to the uptake of anthropogenic CO2 associated 
with upwelling in the subpolar gyre (Sarmiento et al., 1992) and the formation of deep waters in the Labrador 
Sea (Rhein et al., 2002) and Greenland-Iceland-Norwegian Seas (Chafik et al., 2020; Fröb et al., 2016). In these 
regions, anthropogenic CO2 is fed into deep water masses, which flow southward predominantly along the deep 
western boundary current, leading to high column inventories of accumulated DIC in the western North Atlan-
tic (Figure 3a). Substantial DIC accumulation is also found in the subpolar Southern Ocean and the northwest 
Pacific (Figure 3a), where anthropogenic CO2 is subducted into the interior ocean in regions of intermediate and 
mode water formation (Waters et al., 2011; Murata et al., 2009). The weakest DIC accumulation is found in the 
poorly ventilated regions of the Eastern Tropical Pacific (ETP), coincident with the presence of oxygen minimum 
zones in these regions. The vast majority of the DIC that has accumulated in the ocean since 1960 is due to rising 
atmospheric CO2 concentrations (Figure 3b) (Figure S6 in Supporting Information S1 compares these results to 

Model 𝐴𝐴 pCO𝑎𝑎𝑎𝑎𝑎𝑎

2 α and Kw

Circulation and 
biology

Terrestrial 
inputs

OCIM2-48L ✓ ✓

GOBMs ✓ ✓ ✓

pCO2 reconstructions ✓ ✓ ✓ ✓

Table 1 
Mechanisms of Variability in Air-Sea CO2 Fluxes Captured by Each of the 
Methods Discussed Here
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prior estimates of the anthropogenic CO2 inventory from the OCIM1 (DeVries, 2014) and an observation-based 
regression model (Gruber, Clement, et  al.,  2019).) Variations in SST affect the CO2 solubility and alter the 
oceanic DIC inventory with the predominant effect being a decrease in the DIC inventory driven by warming of 
surface waters, which reduces CO2 solubility (Figure 3c). The largest warming-driven decreases in DIC inventory 
occur in the subpolar Southern Ocean (Figure 3c). Since 1960, the net effect of ocean warming has been a reduc-
tion of the ocean DIC inventory by 8 ± 2 PgC (5 ± 1 PgC since 1990).

The air-sea CO2 fluxes from the OCIM2-48L can be compared to those from GOBMs and pCO2 interpolation 
products (Figure 4). All three methods show a trend toward increased ocean CO2 uptake over time (Figure 4a). 
However, fitting a linear regression to the global air-sea CO2 flux over the period 1990–2020 demonstrates that 
the three methods have different trends. The pCO2 interpolation products show the strongest trend at roughly 
−0.05 PgC yr −2, followed by the OCIM2-48L at −0.034 PgC yr −2, with the GOBMs having the weakest trend at 
−0.026 PgC yr −2 (Table 2). Furthermore, the mean air-sea CO2 flux over the period 1990–2020 is different across 
the three different methods ranging from roughly −1.8 PgC yr −1 in the pCO2 interpolation products to −2.4 PgC 
yr −1 in the OCIM2-48L (Table 2). The lower mean air-sea CO2 flux found by the interpolation products is often 
attributed to the outgassing of terrestrially derived (i.e., riverine) CO2 that is captured by the pCO2 products, but 
not by the GOBMs or the OCIM2-48L (Friedlingstein et al., 2019; Resplandy et al., 2018; Table 1). The stronger 
trend in the pCO2 interpolation products relative to the GOBMs has been noted in the 2021 Global Carbon Budget 
(Friedlingstein et al., 2021), but the reasons for this discrepancy are unknown. The analysis that follows focuses 
on the variability of the air-sea CO2 flux about the linear trend for each method.

Figure 2.  (a) Globally integrated air-sea CO2 fluxes from OCIM2-48L simulations that capture variability in atmospheric pCO2, sea surface temperature, and gas 
transfer velocity (simulations D–F, Table S1 in Supporting Information S1) for the period 1780–2020. Negative fluxes indicate the uptake of CO2 by the ocean. (b) 
Total dissolved inorganic carbon accumulated in the ocean since 1780 from the same simulations compared to some other recent estimates of the oceanic inventory of 
anthropogenic CO2. The bold line is the mean of all three simulations, and the red shading covers the full range of simulations.
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For each product, the variability about the linear trend was computed as

𝐹𝐹 var

𝐶𝐶𝐶𝐶2
(product)(𝑡𝑡) = 𝐹𝐹𝐶𝐶𝐶𝐶2

(product)(𝑡𝑡) − 𝐹𝐹 𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡

𝐶𝐶𝐶𝐶2
(product)(𝑡𝑡),� (3)

where 𝐴𝐴 𝐴𝐴𝐶𝐶𝐶𝐶2
(product)(𝑡𝑡) is the globally integrated air-sea CO2 flux at year t from a particular product (one of the 

OCIM2-48L simulations, GOBMs, or pCO2 interpolation products) and 𝐴𝐴 𝐴𝐴 𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡

𝐶𝐶𝐶𝐶2
(𝑡𝑡) is the linear trend fit to the glob-

ally integrated air-sea CO2 flux for the years 1990–2020. For the OCIM2-48L simulations D–F, this variability 
reflects the variability driven by observed changes in atmospheric pCO2, SST, and gas transfer velocity (Table 1). 
For the GOBMs and the pCO2 interpolation products, this variability additionally comes from changes in ocean 
circulation and biology, and in the case of the pCO2 interpolation products could also include variability in the 
outgassing of terrestrially derived carbon (Table 1).

Interannual variability of the global air-sea CO2 flux, as measured by its temporal standard deviation, is signifi-
cantly smaller in the OCIM2-48L (∼0.10 PgC yr −1) than the GOBMs (∼0.15 PgC yr −1) and pCO2 interpolation 
products (∼0.22 PgC yr −1; Figure 4b; Table 2). The OCIM2-48L not only has a smaller magnitude of interan-
nual variability, but also has a different temporal pattern of variability than the GOBMs and pCO2 products 

Figure 3.  (a) Depth-integrated dissolved inorganic carbon (DIC) inventory change in the OCIM2-48L from 1960 to 2020 
(simulations D–F). (b) Same as (a), but using OCIM2-48L simulations A–C, which isolates the effect of rising atmospheric 
pCO2 (along with a small contribution from changing gas transfer velocities). (c) The difference between (a) and (b), which 
isolates the DIC change due to a reduction in solubility driven by warming sea surface temperatures. Positive values indicate 
an accumulation of DIC in the ocean, and negative values indicate a loss of DIC from the ocean.
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(Figure 4b). The interannual variability of air-sea CO2 fluxes in the OCIM2-48L is uncorrelated with that in 
the GOBMs (r = 0.14 ± 0.18) and the pCO2 interpolation products (r = −0.02 ± 0.04). The lack of correlation 
between the air-sea CO2 fluxes in the OCIM2-48L and those in the GOBMs and pCO2 interpolation products at 
the interannual timescale is predominantly due to an anticorrelation of the SST-driven and DIC-driven air-sea 
CO2 fluxes in the ETP, the region that dominates global interannual variability of the ocean CO2 sink (Rödenbeck 
et al., 2015). In this region, interannual variability is dominated by the El Nino Southern Oscillation (ENSO). 
During El Nino periods, weak upwelling leads to warmer SST, which increases the efflux of natural CO2; at the 

Figure 4.  (a) Air-sea CO2 fluxes for the period 1960–2020 from the OCIM2-48L (simulations D–F in black; simulations 
A–C in gray), global ocean biogeochemical models (GOBMs), and pCO2 interpolation flux products. Line is the annual 
mean, and shading is one standard deviation (for GOBMs and pCO2 interpolations) or the ensemble range (for OCIM2-48L). 
(b) Interannual variability of the global air-sea CO2 fluxes from 1990 to 2020 computed from the various methods using 
Equation 3. Line is the annual mean with shading representing the uncertainty as in panel (a). (c) Variability from panel (b) 
after applying a 5-year moving average. Line is the mean with shading representing the uncertainty.

Mean Trend Interannual variability 5-year variability

Model (PgC yr −1) (PgC yr −2) (PgC yr −1) (PgC yr −1)

OCIM2-48L (D–F) −2.37 ± 0.02 −0.034 ± 0.001 0.101 ± 0.002 0.039 ± 0.003

GOBMs −2.1 ± 0.3 −0.026 ± 0.002 0.15 ± 0.03 0.09 ± 0.02

pCO2 interpolations −1.83 ± 0.05 −0.050 ± 0.008 0.22 ± 0.05 0.16 ± 0.05

Table 2 
Mean, Trend, and Variability of the Global Air-Sea CO2 Flux From 1990 to 2020
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same time, however, weaker upwelling leads to a decrease in surface DIC concentrations, which reduces the 
efflux of natural CO2 (Takahashi et al., 2002). During the La Nina phase, the situation is reversed. The OCIM2-
48L only captures the SST-driven component of the natural air-sea CO2 flux variations and is therefore anticor-
related with the other products in this region.

The influence of short-term climate modes, such as ENSO, can be filtered out by taking the 5-year running mean 
of the global air-sea CO2 flux variability (Figure 4c). The dominant feature in the 5-year smoothed variability 
of the pCO2 interpolation products is a weakening trend in the ocean CO2 sink during the 1990s and a strength-
ening trend after 2000. This feature is also present in the GOBM reconstructions although it is less pronounced 
(Figure 4c; DeVries et al., 2019). However, this feature does not occur in the OCIM2-48L reconstructions, neither 
those that include SST variability nor those that do not (Figure 4c). In general, like the interannual variability, 
the 5-year smoothed variability in the OCIM2-48L is much smaller than and uncorrelated with the variability in 
the GOBMs and pCO2 interpolation products. The 5-year smoothed variability is roughly 0.04 PgC yr −1 in the 
OCIM2-48L simulations with pCO2 and SST variability, roughly half the variability of the GOBMs (0.09 PgC 
yr −1) and fourfold less than the variability of the GOBMs (0.16 PgC yr −1). Furthermore, the correlation between 
the 5-year smoothed variability of the OCIM and GOBMs is r = 0.15 ± 0.19 and between the OCIM and the 
pCO2 products is r = 0.25 ± 0.08.

The results in Figure 4 make it clear that the decadal variability of the ocean CO2 sink, including the weakening 
trend during the 1990s and strengthening trend after 2000, is not due to the variability of atmospheric pCO2 and 
SST alone. This conclusion contrasts with that of McKinley et al.  (2020), who found that a single-box ocean 
model with a constant circulation was able to recreate the observed decadal variability of the ocean CO2 sink 
when forced with the observed atmospheric pCO2 and a globally constant temperature perturbation based on the 
forced SST response to volcanoes in the CESM large ensemble (Eddebbar et al., 2019). All models, including 
the OCIM, GOBMs, and the single-box model, have similar responses to atmospheric CO2 forcing (McKinley 
et al., 2020). The main influence of atmospheric CO2 on the 5-year smoothed variability is a weakening CO2 
sink in the early 1990s (Figure 4c), an effect also identified by McKinley et al. (2020) in the single-box model 
and also present in the OCIM1 (Figure S5 in Supporting Information S1). However, this effect cannot produce 
the whole-decade weakening of the ocean CO2 sink during the 1990s, nor the strengthening trend thereafter 
(Figure 4c).

The main difference then between the OCIM2-48L and box model results of McKinley et al. (2020) can be tied 
to the response to the different SSTs used in each model. An important consideration is whether these models 
can reproduce observed subsurface ocean heat content (OHC) anomalies before and after the Pinatubo eruption 
as these anomalies will be tied to the air-sea heat fluxes that drive variability in both the SST and the air-sea CO2 
flux (Eddebbar et al., 2019). In the OCIM2-48L with observed SSTs, the upper-ocean (0–300 m) OHC drops by 
5–10 ZJ roughly three years after the Pinatubo eruption, which is within the range but on the lower end of the 
cooling in observation-based reconstructions, which show a drop of between 6 and 22 ZJ over this time (Bagnell 
& DeVries, 2021; Cheng et al., 2017; Ishii et al., 2017; Levitus et al., 2012; Figure S7 in Supporting Informa-
tion S1). In both the OCIM2-48L and the observation-based reconstructions, the negative OHC anomaly recovers 
to near zero by about 1996. In contrast, the single-box model of McKinley et al. (2020), when using an idealized 
SST perturbation derived from the volcano-forced response of the CESM large ensemble, predicts a much larger 
negative OHC anomaly of 55 ZJ three years after the Pinatubo eruption, and this anomaly is still roughly −30 ZJ 
at 1996 and persists beyond year 2000 (Figure S7 in Supporting Information S1). These results show that the 
OCIM2-48L adequately captures the observed subsurface heat content anomalies due to the Pinatubo eruption, 
while the box model with volcano-forced SST response shows a larger magnitude and greater duration of cool-
ing than observed. However, the OCIM2-48L simulations do show a much larger increase than that observed in 
upper-ocean OHC around 1997–1998, coinciding with a strong El Nino event (Figure S7 in Supporting Infor-
mation S1). This discrepancy likely results from ocean circulation changes that resulted in large amounts of heat 
being released from the upper 300 m of the Pacific Ocean to the atmosphere (Chen & Tung, 2014). These circu-
lation changes are not captured by the steady-state OCIM2-48L.
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4.  Conclusions and Future Directions
This study quantified abiotic air-sea CO2 fluxes using an ocean circulation inverse model (OCIM2-48L), account-
ing for the effects of changing atmospheric CO2 concentrations, SST, and gas transfer velocity on air-sea CO2 
fluxes. The results demonstrate that the ocean absorbed CO2 at a rate of ∼2.2 ± 0.1 PgC yr −1 over the period 
1994–2007 with an increase in the global oceanic DIC inventory of 117 ± 4 PgC from 1960 to 2020. Over the 
most recent three decades (1990–2020), decadal variability of air-sea CO2 fluxes in the OCIM has been signifi-
cantly less than and poorly correlated with fluxes diagnosed from GOBMs and pCO2-based interpolation prod-
ucts. These results suggest that processes that were not included in the OCIM2-48L simulations, such as changes 
in ocean circulation or the biological carbon pump, are more important than changes in atmospheric pCO2 or SST 
in driving recent decadal variability of the ocean CO2 sink.

These conclusions rely on the assumption that the models and data-based products used here accurately reflect 
the true variability of the ocean CO2 sink as driven by the mechanisms captured by each model. Nevertheless, 
each approach is subject to uncertainties and structural biases that should be kept in mind when interpreting 
the results. For the OCIM2-48L, the main weakness is a lack of seasonality in the circulation component of 
the model, particularly with respect to seasonal variability in surface mixed layer depths, which could bias the 
results. For the biogeochemical models, structural biases are potentially introduced by inaccurate forcing fields, 
by parameterizations of biological processes and physical circulation processes (Hauck et  al.,  2015), and by 
model spin-up procedures (Séférian et al., 2016). For the pCO2 interpolation products, artifacts can be introduced 
by the interpolation of sparse pCO2 data (Gloege et al., 2021; Gregor et al., 2019; Rödenbeck et al., 2015), and 
additional uncertainty is introduced by the input products and formulations used for the bulk air-sea gas exchange 
formula (Fay et al., 2021; Roobaert et al., 2018; Watson et al., 2020). Using an ensemble of different products, as 
done here, reduces the influence of these sources of error if they are randomly distributed, but any common biases 
across products within each method could bias the conclusions presented here. Therefore, future work should put 
a priority on identifying and ameliorating any sources of structural bias in these different methods.

One aspect that is not addressed in this analysis is whether circulation or biological processes, such as primary 
production and particle export, are more important for driving variability of the air-sea CO2 flux. Future work 
should put a high priority on building models that can capture the observed variability in both circulation and 
biology in order to determine how these factors have responded to recent climate change and natural climate 
variability. Likewise, the variability of carbon fluxes at boundaries other than the air-sea interface should be 
investigated as this impacts the air-sea CO2 fluxes inferred from seawater pCO2 observations. Developing addi-
tional independent methods for quantifying air-sea CO2 fluxes from observations, such as data-based models 
that capture observed changes in ocean internal DIC and alkalinity distributions, should also be a target of future 
work.

Data Availability Statement
Data from the 2021 Global Carbon Budget used in this study are available from the Global Carbon Project at 
https://doi.org/10.18160/gcp-2021 (Global Carbon Project,  2021). Atmospheric CO2 time series data used in 
this study are available from National Atmospheric and Oceanic Administration (NOAA) stations at the South 
Pole (https://gml.noaa.gov/aftp/data/trace_gases/co2/flask/surface/co2_spo_surface-flask_1_ccgg_month.txt), 
American Samoa (https://gml.noaa.gov/aftp/data/trace_gases/co2/flask/surface/co2_smo_surface-flask_1_
ccgg_month.txt), Mauna Loa (https://gml.noaa.gov/webdata/ccgg/trends/co2/co2_mm_mlo.txt), and Barrow, 
Alaska (https://gml.noaa.gov/aftp/data/trace_gases/co2/flask/surface/co2_brw_surface-flask_1_ccgg_month.
txt), and from the Law Dome ice core (https://scrippsco2.ucsd.edu/assets/data/atmospheric/merged_ice_core_
mlo_spo/merged_ice_core_yearly.csv). Wind speed, sea ice, and sea level pressure data used in this study are 
available from the National Centers for Environmental Prediction (NCEP) monthly reanalysis at https://psl.noaa.
gov/thredds/catalog/Datasets/ncep.reanalysis/surface_gauss/catalog.html. Sea surface temperature (SST) recon-
structions used in this study are available from the Hadley Centre (https://www.metoffice.gov.uk/hadobs/hadisst/
index.html), the Japan Meteorological Agency (JMA; https://psl.noaa.gov/data/gridded/data.cobe.html), and 
NOAA (https://psl.noaa.gov/data/gridded/data.noaa.ersst.v5.html). Subsurface ocean temperature anomaly data 
used in this study are available from NOAA (https://www.ncei.noaa.gov/access/global-ocean-heat-content/anom-
aly_data_t.html), the Institute of Atmospheric Physics (IAP; ftp://www.ocean.iap.ac.cn/cheng/CZ16_v3_IAP_

https://doi.org/10.18160/gcp-2021
https://gml.noaa.gov/aftp/data/trace_gases/co2/flask/surface/co2_spo_surface-flask_1_ccgg_month.txt
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https://gml.noaa.gov/webdata/ccgg/trends/co2/co2_mm_mlo.txt
https://gml.noaa.gov/aftp/data/trace_gases/co2/flask/surface/co2_brw_surface-flask_1_ccgg_month.txt
https://gml.noaa.gov/aftp/data/trace_gases/co2/flask/surface/co2_brw_surface-flask_1_ccgg_month.txt
https://scrippsco2.ucsd.edu/assets/data/atmospheric/merged_ice_core_mlo_spo/merged_ice_core_yearly.csv
https://scrippsco2.ucsd.edu/assets/data/atmospheric/merged_ice_core_mlo_spo/merged_ice_core_yearly.csv
https://psl.noaa.gov/thredds/catalog/Datasets/ncep.reanalysis/surface_gauss/catalog.html
https://psl.noaa.gov/thredds/catalog/Datasets/ncep.reanalysis/surface_gauss/catalog.html
https://www.metoffice.gov.uk/hadobs/hadisst/index.html
https://www.metoffice.gov.uk/hadobs/hadisst/index.html
https://psl.noaa.gov/data/gridded/data.cobe.html
https://psl.noaa.gov/data/gridded/data.noaa.ersst.v5.html
https://www.ncei.noaa.gov/access/global-ocean-heat-content/anomaly_data_t.html
https://www.ncei.noaa.gov/access/global-ocean-heat-content/anomaly_data_t.html
ftp://www.ocean.iap.ac.cn/cheng/CZ16_v3_IAP_Temperature_anomaly_gridded_1month_netcdf/
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Temperature_anomaly_gridded_1month_netcdf/) which can also be accessed at http://www.ocean.iap.ac.cn/
pages/dataService/dataService.html?navAnchor=dataService), JMA (https://climate.mri-jma.go.jp/pub/ocean/
ts/v7.3.1/temp/grib2/), and the Autoregressive Artificial Neural Network (ARANN; https://doi.org/10.6084/
m9.figshare.12959489.v6). The OCIM2-48L model output is publicly available on the FigShare database under 
accession code doi.org/10.6084/m9.figshare.19341974.
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