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Abstract. The ocean carbon sink has absorbed approximately 29% of anthropogenic carbon dioxide (CO2) emissions in the
last decade, mitigating climate change. Over time, the ocean carbon sink has grown nearly proportionally to atmospheric
CO; concentrations. Natural variability also modulates the ocean carbon sink, but the decadal-timescale mechanisms of
this variability are not well-understood. Using LDEO-Hybrid Physics Data, a unique observation-based product that merges
observations with hindcast models, we assess the decadal variability of global air-sea CO5 fluxes for 1959-2024, with a focus
on the dominant regional contributions. The dominant mode of decadal air-sea CO» flux variability exhibits strong synchronous
signals between the tropical Pacific and the Southern Ocean. This synchronicity is modulated by Pacific Decadal Variability
(PDV) and the interannually varying El Nifio-Southern Oscillation (ENSO) as measured by the Multivariate ENSO Index.
When PDV and MEI indices are positive, the Southern Ocean experiences stronger westerly winds and deeper mixed layers.
However, fully explaining the weakening of the Southern Ocean carbon sink in recent decades, which had predominantly

negative PDV and MEI, will require additional constraints, particularly for biological processes.

1 Introduction

Over the industrial era, the ocean has absorbed anthropogenic carbon at a rate roughly proportional to atmospheric carbon
dioxide (CO3) concentrations, taking up approximately 30% of annual anthropogenic CO, emissions (Friedlingstein et al.,
2025; Gruber et al., 2023). By damping the rate of atmospheric COy accumulation, the ocean carbon sink has mitigated the
effects of climate change. The primary driver of the increasing ocean carbon sink is the growth of atmospheric CO5, which
drives the air-sea flux of CO5 (FCOy) into the ocean (McKinley et al., 2020). As atmospheric COs rises, the ocean carbon

sink grows proportionally (Gruber et al., 2023; Miiller et al., 2023). There is also substantial variability around this long-term
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growth, due to both external and internal climate forcing (Landschiitzer et al., 2015; DeVries et al., 2017; Landschiitzer et al.,
2019; McKinley et al., 2020; Gruber et al., 2023; Fay et al., 2023, 2024).

The total variability in the ocean carbon sink results from a combination of internal processes and external forcings (Crisp
et al., 2022; Fay et al., 2023, 2024). The largest signal of interannual FCO, variability is driven by internal processes,
particularly the El Nifio-Southern Oscillation (ENSO) in the equatorial Pacific (Feely et al., 1999; McKinley et al., 2004;
Ishii et al., 2014; Wong et al., 2022). Anomalous fluxes from the equatorial Pacific strongly influence interannual anomalies in
the strength of the total global ocean sink (McKinley et al., 2004; Gruber et al., 2023).

The decadal variability of the ocean carbon sink in recent decades - in particular, the weakened sink in the 1990s and its
recovery in the 2000s - has been the focus for a number of studies (Le Quéré et al., 2007; Landschiitzer et al., 2015, 2016;
DeVries et al., 2019; Gruber et al., 2019; McKinley et al., 2020; Fay et al., 2023, 2024). McKinley et al. (2020) and Fay et al.
(2024) use models with a range of complexities to demonstrate that about 50% of recent variability in the ocean carbon sink
is externally driven by variations in the atmospheric growth rate. In addition, the weakening of the sink over the decade of the
1990s can be explained by a reduced atmospheric growth rate during the 1990s, punctuated by a significant increase in uptake
occurring early in the decade with the global upper ocean cooling due to Mount Pinatubo’s eruption in 1991. Following this,
the re-warming of the surface ocean, together with the excess carbon that was absorbed post-eruption, elevated surface ocean
partial pressure of CO4 levels (pCOs) relative to atmospheric pCO2 causing ApCO5 (ocean minus atmosphere) to become
less negative, weakening the sink over the 1990s (Fay et al., 2023). Other proposed mechanisms for a weakened sink post
2000 include internally driven sea surface temperature (SST) changes which affected the solubility of CO- (Landschiitzer
et al., 2016) and the intensification of westerly winds over the Southern Ocean, associated with the Southern Annular Mode,
enhancing the upwelling of CO5 (Le Quéré et al., 2007). Though the decadal variability of the global ocean carbon sink is a
result of changes in all basins, decadal changes in the equatorial Pacific and the Southern Ocean appear to be quantitatively
most significant (DeVries et al., 2019; Landschiitzer et al., 2019; Bennington et al., 2022; Gruber et al., 2023). The decadal
variability of the Southern Ocean sink, which cumulatively has the largest sink for anthropogenic CO2 when integrated over
its large area (Mikaloff Fletcher et al., 2006), remains uncertain, largely due to sparse observations (Fay et al., 2014; Gloege
et al., 2021; Mayot et al., 2023; Heimdal et al., 2024).

Large variability in the ocean carbon sink, compounded with the uncertainties in sink estimates, confounds the ability to
identify changes in the ocean carbon sink that are due to carbon-climate feedbacks and external forcing, such as changes in
emissions (Peters et al., 2017; Lovenduski et al., 2021; Friedlingstein et al., 2025). To support these efforts and to better predict
the future ocean carbon sink, better quantification and a mechanistic understanding of the sink’s variability is necessary (Peters
et al., 2017; Crisp et al., 2022).

In order to quantify ocean sink variability, global estimates of air-sea CO5 fluxes are needed. This requires observations
of surface ocean COs fugacity (fCO2), a close cousin of the partial pressure (pCO2). Unfortunately, available observations
are extremely sparse (Bakker et al., 2016) in both space and time. To fill the observational gaps, a number of approaches
have been developed to statistically extrapolate sparse fCOqy observations to create observations-based data products of fully

gridded, monthly fCO5 estimates, which can then be used to calculate air-sea CO, fluxes (Gloege et al., 2022; Bennington
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et al., 2022; Gregor et al., 2019; Denvil-Sommer et al., 2019; Rodenbeck et al., 2015). However, temporal coverage by most
observations-based data products does not start until the 1980s since this is when surface ocean carbon observations began to
be numerous enough for direct reconstruction. Studies of ocean carbon sink variability prior to the 1980s to date have relied
on models, which come with their own set of uncertainties and biases (Deser et al., 2012a). Additionally, until 2020 the annual
estimate of the global ocean carbon sink provided by the annually-updated Global Carbon Budget only included models to
quantify the estimate (Friedlingstein et al., 2020). Since then, the Global Carbon Budget has incorporated both models and
observations-based data products as a basis for their ocean sink estimates for 1990 onward. Only two products that submit to
the Global Carbon Budget provide ocean carbon sink estimates for years prior to 1980. The addition of observations-based
data products provides estimates that are independent of the models. While a convergence between models and data-based
estimates indicates confidence in the understanding of the driving mechanisms, a lack of understanding can be identified
through divergences between these independent estimates (Hauck et al., 2020; Friedlingstein et al., 2020).

Gloege et al. (2022) and Bennington et al. (2022) developed a global pCO, data product (the LDEO-Hybrid Physics Data
product, LDEO-HPD) that demonstrates high skill relative to other data products. This novel approach interpolates sparse
surface ocean fCO5 data to create a monthly gridded data product by using global ocean biogeochemical models (GOBMs)
as priors and employing machine learning to learn the model-observation misfits. As the climatology of these misfits is the
dominant component of the total misfit for all models, the climatology can be used to extend the corrections to the pre-observed
period (1959-1982). This allows the LDEO-HPD product to now extend for 66 years (1959 to 2024). In this study we use the
LDEO-HPD data product to evaluate the dominant modes of decadal variability of global air-sea CO5 fluxes and compare the

regional contributions to this variability.

2 Methods
2.1 Data and data products

LDEO-HPD interpolates spatiotemporally sparse observations of surface ocean fCO, to a global monthly gridded product
(Gloege et al., 2022). In this approach, fCO estimates from GOBMs are used as a prior, and then a machine learning algorithm
is used to learn the model-observation misfits. With time-varying reanalysis observations that have nearly full global coverage
(e.g. sea surface temperature, sea surface salinity, chlorophyll-a, the climatology of mixed layer depths, etc.), the algorithm
learns a nonlinear function between observations and the available model-observation misfits of fCO5. Based on the learned
relationship with the full-coverage feature variables, the algorithm can predict full-coverage, time-varying model-observation
misfits of fCOq, which are then added to model fields to create final full-coverage fCOs estimates. This process is independently
repeated for 10 models used in the 2025 Global Carbon Budget (Friedlingstein et al., 2025; Wright et al., 2021; Aumont et al.,
2015; Schwinger et al., 2016; Lacroix et al., 2021; Berthet et al., 2019; Séférian et al., 2019; Giirses et al., 2023; Doney
et al., 2009; Tsujino et al., 2024; Sakamoto et al., 2023; Law et al., 2017; Stock et al., 2025). The average of all corrected
models is reported as the final fCO4 estimate in LDEO-HPD. When evaluated against independent data, LDEO-HPD performs
marginally better than other data products (Gloege et al., 2022; Bennington et al., 2022).
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Surface ocean fCO, observations are sufficiently numerous in the 1980s to create data products. Gloege et al. (2021)
initially created LDEO-HPD to begin in 1982. Bennington et al. (2022) extended LDEO-HPD to cover also 1959-1981 by
applying a climatological correction based on the model-observation misfits since 2000. Because the climatology is the primary
contributor to the improvement over the model priors, with the contribution from interannually-varying adjustments being
relatively small in comparison, this provides a reasonable correction back in time. Nevertheless, due to the lack of interannual
variability in the correction, fCO» variability is likely slightly underestimated during the 1959-1981 period (Bennington et al.,
2022).

In this study, we use fCO, and air-sea flux (FCO-) estimates from the extended LDEO-HPD data product (Bennington et al.,
2022), for 1959 through 2024. Global monthly FCO, estimates are made using a bulk parameterization:

FCO2 - kw So (]- - ficc) (fCOQ - fCOQ,atm)a (1)

which parameterizes FCO5 as a function of the gas-transfer velocity (k,,) calculated from wind speeds, CO5 solubility (.S,),
ice fraction (fice), the fugacity of COs in the surface ocean (fCO2) and the water vapor corrected fugacity of CO5 in the
atmosphere (fCOg ,¢m ). A full description of the observational datasets and method used to calculate FCO4 in LDEO-HPD can
be found in Bennington et al. (2022).

To calculate FCOy for LDEO-HPD, two monthly gridded reanalysis datasets (1959-2024) from the European Center for
Medium Range Weather Forecasts: ERA5 (Hersbach et al., 2023) and ORASS (Zuo et al., 2019) are used. For AfCO, analysis,
monthly fCOg ., data (1959-2024) are derived from the NOAA Marine Boundary Layer (MBL) xCO, reference (1979-2024;
Lan et al., 2025), extended back to 1959 using the Mauna Loa trend (Lan et al., 2023).

To study the influence of the atmospheric and oceanic state on FCO2, we used 10m wind speed data (u;p) from ERAS, and
SST and mixed layer depth (MLD, defined at a density threshold of 0.03 kg m~—3) from ORASS.

Three climate indices are used for 1959-2024: the multivariate ENSO index (MEI; Wolter and Timlin, 2011; Zhang et al.,
2022), the Interdecadal Pacific Oscillation (IPO; Henley et al., 2015) and the Pacific Decadal Oscillation (PDOj; Jacobson and
Seager, 2025). In this analysis, the extended MEI (Wolter and Timlin, 2011) prior to 1979 is combined with MEI v2 (Zhang
et al., 2022) from 1979 onward, bias-correcting MEI v2 to match the extended MEI statistics during their overlap period. The
MEI index is representative of the coupled atmosphere-ocean ENSO climate mode of variability, where positive and negative
values correspond to El Nifio and La Nifia events, respectively (Feely et al., 2006). For the IPO, the unfiltered Tripole Index
(TPI) from Henley et al. (2015) is used, which captures basin-wide Pacific SST variability on decadal timescales (Power et al.,
1999). The PDO index is defined by the leading mode of SST anomalies in the North Pacific, and though its spatial and
temporal behavior resemble ENSO, its dominant signal of variability is decadal (Zhang et al., 1997). A positive (negative)
PDO is associated with warmer (colder)-than-average SST anomalies in the tropical Pacific (Mantua and Hare, 2002). Here,
we use the NOAA Extended Reconstructed SST version 5 (ERSSTvS5; Huang et al., 2017)-derived PDO index from Jacobson
and Seager (2025), calculated as the leading EOF of North Pacific (20-70°N, 100-250°E) SST anomalies after the global mean
is removed. We correlate the MEI, TPO and PDO against the dominant mode of decadal variability of FCO, to assess the roles
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of climate variability; all three indices are low-pass filtered using the same 3rd-order Butterworth filter with a 7-year cutoff

applied to the other variables (see Section 2.3).
2.2 Regional analysis

Based on the basin maps defined by the REgional Carbon Cycle Assessment and Processes (RECCAP) project (Canadell et al.,
2011), the global ocean is split into six regions. The six regions are 1) the Atlantic Ocean (southern boundary at 40°S), 2) the
Indian Ocean (southern boundary at 40°S), 3) the Southern Ocean (northern boundary at 40°N), and the Pacific Ocean which
is further subdivided into 4) the tropical Pacific Ocean (15°N to 15°S region, flanked by the 5) North and 6) South Pacific
regions. Limited observations in the Arctic Ocean means that LDEO-HPD estimates here are poorly constrained, and so we

leave out the Arctic region in our study.
2.3 Flux and AfCO; decadal variability

Our analysis focuses on the decadal variability of FCO2 and the corresponding decadal variability of other atmospheric and
ocean variables. To obtain the decadal variability of FCOs, and other variables, a 3rd-order low-pass Butterworth filter with a
7-year cutoff is applied to linearly detrended and deseasonalized monthly anomalies. Once filtered, 3.5 years are truncated from
both ends of the time domain to account for edge effects and so the decadal variability has a shorter period of approximately
1962 to 2021. Unless otherwise stated, data are detrended, deseasonalized and low-pass filtered in order to isolate its decadal
variability.

2 yr~!. Integrated fluxes (units: PgC yr—!) are presented for the regional time

Fluxes are given as rates in units of mol C m~
series, allowing for fluxes to be compared between regions that have different areas. Amplitudes of decadal variability of FCO9
across the different regions are quantified using a measure of one standard deviation (1 s. d.).

For fCO,, analysis, an additional step is taken prior to detrending. McKinley et al. (2020) show that changes in the growth rate
of atmospheric fCO4 directly imprint onto ocean fCO,. The trend in ocean fCOs is thus nonlinear due to the nonlinear trend
in atmospheric f{CO5 (McKinley et al., 2020). The subtraction of fCOg .y, from ocean fCO4 removes the impact of variability
in the fCO2 ot growth rate. Thus, we use the sea-to-air difference in fCOy (AfCO2 = fCO; - fCO2 atm) to investigate ocean
sink variability with the imprint of fCOg »¢m, trend and growth rate variability removed to the first order. As with the FCOq

analysis, AfCO is detrended, deseasonalized and low-pass filtered to isolate its decadal variability.
2.4 Variability analysis

Empirical Orthogonal Function (EOF) analysis is a statistical tool used to identify the modes of variability in data, where each
function represents a different mode that is associated with a pattern of variability. The first EOF mode (EOF1) represents the
dominant mode of variability in the data. The first principal component (PC1) is its associated time series, which describes
the phasing of the spatial patterns in EOF1. Using EOF analysis, we can identify the dominant global pattern of decadal
variability of FCO5 (EOF1-FCO-) and its corresponding temporal variability (PC1-FCO5). We assess the significance of EOF
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spatial patterns using fractional variance maps. The fractional variance at each gridpoint is a measure of how much of the total
variance at a point is explained by the EOF mode. Note that the total variance refers to the total decadal variance, which is not
inclusive of interannual, seasonal or sub-seasonal variability.

Next, we compare the contributions of winds and AfCOs to FCO» variability. FCOs is parameterized as a function of AfCOq
and the gas transfer velocity, which has a quadratic dependence on wind speeds (ujg), such that FCO, is proportional to the
product of u?, and AfCO5 (Wanninkhof, 2014):

FCOy o (u3g - AfCOy). (2)

Using Reynold’s decomposition, we separate the mean and the time-varying components of each term as follows:

FCO, = FCO, + FCO,, 3)
11102 = U.102 —+ U.%OI7 (4)
AfCO4 = AfCO4 + AfCOY/, )

where overbars represent the long-term mean and primes indicate monthly deviations from the long-term mean. Substituting

Equations 3-5 into Equation 2, we can write FCOs variability (FCOY}) as:
FCOOYy oxcufy AfCOy+ (u3y) AFCOs+O(a?), 6)

where FCOY, is in units of gatm m~2 s=2. O(x?) represents the second-order nonlinear term, which is much smaller (Figure
4) than the two linear terms on the right-hand side of Equation 6 and is calculated by subtracting the two linear terms from
FCOY,. In Equation 6, the first term on the right is the A fCOs-driven component (i.e. the A fCOq-varying, fixed-wind field);
the second term is the u%,-driven component (i.e. the wind-varying, fixed-A fCO, field). Long-term means are calculated on
raw monthly data, while the monthly A fC'O5 deviations are the detrended and deseasonalized monthly anomalies. Monthly
u?, deviations are calculated on raw monthly data (trend retained). Their product is then computed before low-pass filtering
to obtain each components’ decadal variability. The decadal roles of u3, versus AfCO, in FCO, decadal variability can be

inferred from their relative roles as drivers of FFCOY.
2.5 Composite

We use composite difference maps of the ocean and atmosphere to illustrate the patterns of change between the periods of
positive and negative PC1-FCO, phase. Composites of raw data are created for the following air-sea flux-related variables:
u2,, SST, and MLD. A composite of detrended and filtered A fCOs is also created so that changes in the physical system can
be attributed to decadal A fC'O5 variations around the long-term trend. Composite changes illustrate change from one phase
of PC1-FCOs to the opposite phase. This analysis with six decades of LDEO-HPD allows for re-interpretation of previously-
reported fC' O, trends from the 1990s to 2000s in the context of decadal variability.
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3 Results

A multiyear mean map of unprocessed FCOs from the LDEO-HPD data product (Figure 1A) shows the well-known features
of the natural ocean-atmosphere CO5 exchange; the largest coherent feature being the CO5 source in the equatorial Pacific
Ocean. The globally-integrated FCO- time series (Figure 1B, dark line) shows a long-term increasing ocean sink with large
interannual variability, especially in the period between 1980 to 2010, and strong decadal variability. The same is also seen
in global AfCO4 (Figure 1C, dark line), which is highly correlated to the FCO2 (r = 0.98). When the long-term flux trend
is removed (Figure 1B, green line), the decadal timescale variability becomes clear. The ocean sink strengthened in the early
1980s, weakened over the 1990s and then strengthened once again from the late 1990s to about 2010. The periods before (1959
through mid 1970s) and after (2010 to 2024) this decadal fluctuation showed sink strength close to the full period mean. The
same variability is seen in the decadal variability AfCO- (Figure 1C, blue line), consistent with AfCO- being the dominant

control on FCOs.
3.1 Regional contributions to decadal sink variability

A regional breakdown of decadal FCO, variability shows which regions have the greatest decadal variability (Figure 2).
Comparing the flux rates (units: mol C m~—2 yr—!), we find that the tropical Pacific and Southern Ocean have the largest flux
variability (10 = 0.11 and 0.13 mol C m~2yr~!, respectively). After accounting for the different surface areas of the regions,
the tropical Pacific and Southern Ocean still dominate the flux variability (1o = 0.08 and 0.12 PgC yr—!, respectively).

EOF1 of low-passed FCO, (Figure 3A) explains 36% of the total variance in global decadal FCOg variability. The dominant
features in the EOF1 are the two lobes of high and same-sign variance: one in the tropical Pacific, and the other in the Southern
Ocean. While the EOF1 signal over the tropical Pacific has the larger signal, the high variance over the Southern Ocean is
extensive and relatively homogeneous. Fractional variances calculated at each point of the global ocean (Figure 3C) shows that
most of the variance in the tropical Pacific and Southern Ocean is associated with this EOF pattern.

The associated time series, PC1-FCO5 (Figure 3B) correlates strongly (r = 0.82, p<0.01; not shown) with the decadal
variability of global mean FCO, (Figure 1B), emphasizing that this is the dominant pattern of total air-sea COs flux variability.
The EOF1 pattern over the tropical Pacific and Southern Ocean can thus be interpreted as an anomalous outgassing signal
during positive PC1-FCO; periods and an anomalous sink signal during negative PC1-FCO4 periods. The PC1-FCO; is also
correlated with the decadal variability of climate modes that are centered around coupled ocean-atmosphere interactions in
the Pacific Ocean: the MEI (r = -0.68, p<0.01), the IPO (r=-0.71, p<0.01), and the PDO (r = -0.68, p<0.01; Figure 3B). The
negative phases of the indices closely coincide with the positive phases of PC1-FCOs and vice versa.

The second mode of variability (EOF2, Figures 3D— 3F) explains 19% of the total variance in global decadal FCOq

variability. Compared to the first mode, there is less distinct spatial structure in the EOF2 or the fractional variance map.
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Figure 1. A) Multiyear mean map (1959-2024) of air-sea COz fluxes (FCOz; units: mol C m~2 yr™') from the extended LDEO-Hybrid

Physics Data (LDEO-HPD; Bennington et al., 2022; Gloege et al., 2022) product. Positive fluxes indicate CO2 outgassing from the ocean to

the atmosphere. B) Globally-integrated FCO5 time series (units: PgC yr~') with 13-month smoothing (thin, dark line). The detrended time

series is shown in green (low-pass filtered, bold line; unfiltered, faint line). C) same as in B) except for AfCO> (units: patm) shown in blue;

a negative value indicates that atmospheric fCOx is greater than oceanic f{CO5.
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Figure 2. Detrended and low-pass filtered regional air-sea CO2 fluxes (FCO>) are presented as both a spatially-averaged flux rate (black
line; left axis units: mol C m~?yr~") and a regionally-integrated flux (green line; right axis units: PgC yr~"). Positive fluxes indicate CO2
outgassing from the ocean to the atmosphere. The standard deviation (1o, units: mol C m~2yr—* or PgC yr~ 1) of each time series are denoted

by the same color in each panel. The maps represent the different regions (shaded) and its percentage area of the global ocean surface.
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Figure 3. A) First EOF mode (EOF1) of detrended and low-pass filtered FCO2. The total variance explained by the EOF mode is given

as a percentage in the square brackets. B) Time series of the first Principal Component (PC1-FCO,, black line, units: mol C m~2 yr—*;

left y-axis) and the time series of three low-pass filtered climate indices (right y-axis): MEI (red), IPO (blue, units: °C) and PDO (orange).
Correlation coefficients (r) between climate indices and PC1-FCO; are included in the legend. C) Fraction of variance map for the EOF1,
where unity implies that the variance explained by the EOF mode at that point explains 100% of the total variance at that point. D-F) The
same as in A-C except for the second EOF (EOF2).

3.2 Winds versus AfCO; as drivers of decadal variability

Figure 4A shows the globally-averaged time series of the total flux-proportionate variability FCOY, (Equation 6) and its
decomposed components of variability: the detrended AfCO,-driven term (blue line), the unprocessed u%-driven term (yellow
line), and the second-order term (thin black line). Based on the magnitudes of their decadal variability, the AfCOs-driven
component (1o = 57 patm m~?2 s~2) overwhelms the modest, typically constructive, effect of the u,-driven component (1o
= 15 patm m~2 s~2). Regionally-averaged (as opposed to globally-averaged) plots of the same terms in the tropical Pacific
Ocean and the Southern Ocean are similar (Figure 5).

Comparing the EOF1 of the AfCO,-driven component against the EOF1 of the u,-driven component (Figures 4B and 4C)
we find that the AfCO5-driven component also dominates the spatial mode of variability seen in FCOY, (Figure 4D) - the EOF1
of the AfCO2-driven component (Figure 4B) and the EOF1 of FCO), (Figure 4D) have a high spatial correlation coefficient
of r = 0.97. Furthermore, the EOF1 of FC'O}, is highly correlated (r = 0.96) to the EOF1 of FCO, (Figure 3A). The associated

PCls show a close correspondence between the A fC'Os-driven component and FCOY.
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Figure 4. A) Globally-averaged time series of the terms in Equation 6 (units: gatm m~2 s~2). Note that the product of AfCO5 and wind
speeds squared (u?y) are proportional to air-sea COz flux, but do not equal flux. The blue line is the time series for the AfCOs-driven
component of flux-proportionate variability, FCO% (green line). The yellow line is the time series for the u}-driven component (trend
retained) of F'CO%. The second-order term is the thin black line. FC'O} is the linear combination of the other three terms. The standard
deviation for each term (1o7; units: patm m~2 s7?) is also shown. The first EOF mode (EOF1) and its associated Principal Component (PC1)
are shown for the AfCO3-driven component (B), the u3y-driven component (C), and FCO5 (D). The percentage variance explained by each

EOFI is given in brackets.
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Figure 5. Comparison of u?,-driven variability against AfCOz-driven variability in the Southern Ocean and tropical Pacific Ocean. The
regionally-averaged time series of the terms in Equation 6 (units: gatm m~2 s~2) for the Tropical Pacific (A) and the Southern Ocean (B).
Note that the product of AfCO» and wind speeds squared (u%,) are proportional to air-sea CO2 flux, but do not equal flux. The blue line is
the time series for the AfCO2-driven component of flux-proportionate variability, FCO% (green line). The yellow line is the time series for
the u?,-driven component (trend retained) of FCO5. The second-order term is the thin black line. FCO5 is the linear combination of the

other three terms. The standard deviation of each term (1¢7; units: patm m~2 s~2) is also shown.

3.3 Composites of AfCO2, u?,, SST and MLD

The PC1-FCOs suggests a periodic phenomena with 1.5 cycles of global ocean FCO» decadal variability present in the available
timeseries. To illustrate the change between the positive and negative phases of this cycle, we composite flux-related variables
that have been unprocessed - i.e. no detrending and no filtering (Figure 6B-D), except for the AfCO,, composite (Figure 6A).
The composites represent the positive PC1-FCO, phase minus the negative PC1-FCO4 phase. The negative phase includes the
last two decades of the 20" century (1980 to ~1998) and a brief period between 2015 and 2018, while the positive phase
approximately includes the prior two decades (1959 to 1980), the first decade and a half of the 215t century (~1998 to 2015),
and from 2018 to 2024. Due to the dominance of the Southern Ocean and the tropical Pacific Ocean in decadal FCO, variability

(Figures 2, 3 and 4), the discussion of the results below will focus on these two regions.
3.3.1 Tropical Pacific

Figure 6A (right) shows the multiyear mean map of AfCO5 which in the tropical Pacific is positive (i.e. a source of carbon to
the atmosphere). Thus, the composite change in AfCOY, (Figure 6A, left) implies that the tropical Pacific AfCOs is intensified

(and broadened) in the positive phase, strengthening CO- outgassing. A positive change in AfCOY} indicates an increase in
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Figure 6. Composite changes in A) AfCO% (units: patm; detrended and filtered), B) u%, (units: m?s~2), C) SST (units: °C), and D)
MLD (units: m) are evaluated over the full period of PC1-FCO2 (1962-2021; inset is from Figure 3B). The composite difference is
defined as positive minus negative phases of the PC1-FCO,. Multiyear mean maps (1959-2024) of each variable are shown to the right
of their composites to provide context for interpretation; the multiyear mean map for AfCOYj is calculated with unprocessed AfCOs. Sign

conventions: positive AfCO2 means that oceanic fCOs is greater than atmospheric f{CO2; MLD is positive downwards, such that positive

composite values indicate MLD deepening.
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ocean fCO; since the data are detrended. A strengthened CO2 source in the tropical Pacific coincided with an increase in u%,

(higher wind speeds, Figure 6B), a decrease in SSTs (cooler surface ocean, Figure 6C) and a basin-wide increase in MLDs
across the tropical Pacific (Figure 6D), except for the shoaling MLDs over the eastern equatorial Pacific and off the coast of

Peru. These changes are consistent with the La Nifia phase that is dominant in the positive composite period.

3.3.2 Southern Ocean

In the Southern Ocean, the multiyear mean of AfCOs is negative (AfCO45 = -17.1 patm; i.e. a sink) and the composite change
in AfCOY is positive over most of the Southern Ocean (Figure 6A) indicating that the Southern Ocean sink weakens with the
positive phase. The weaker Southern Ocean sink coincided with an overall decrease in u%, (weaker wind speeds, Figure 6B)
except in parts of the South Pacific, and a general (consistent) decrease in MLDs over the region (mixed layer shoaling,
Figure 6D; AMLD = -5.3 m over the Southern Ocean). For the SST composite, (Figure 6C), there is large SST cooling in the
Pacific sector of the Southern Ocean where u%, strengthened and warming south of Australia where wind speeds strengthened.

See Figure A1 for Southern Ocean polar stereographic projections.

4 Discussion
4.1 Ocean sink variability in LDEO-HPD

The temporal extension of LDEO-HPD (Bennington et al., 2022) back to 1959 offers more than six decades of FCO4 and fCO4
estimates, a temporal increase of about 50% compared to most other products (Fay et al., 2021; Gruber et al., 2023). Decadal
FCO» variability in LDEO-HPD (Figure 1B) is consistent with previous studies of global sink variability since the 1980s,
specifically the weakened sink in the 1990s and the recovery of the sink in the 2000s (Fay et al., 2014; Landschiitzer et al.,
2016; DeVries et al., 2019; Hauck et al., 2020; McKinley et al., 2020; Gruber et al., 2023). LDEO-HPD’s extended temporal
coverage indicates that these previously-reported changes are a segment of multi-decadal variability, identified here with EOF
analysis (Figure 3B).

LDEO-HPD indicates that throughout the 1960s and 1970s the ocean sink was weaker than the 6 decade average and then
around 1980, the sink strengthened. The previously-reported weakening of the sink in the late 1990s can be viewed as a
readjustment of the sink state to that of the 1960s and 1970s. The extension of time coverage by LDEO-HPD to 1.5 cycles of
this variability adds important context for many previous trend analyses that have been more limited in temporal extent, starting
from the 1980s or 1990s (Fay et al., 2014; Landschiitzer et al., 2016; DeVries et al., 2019; McKinley et al., 2020; Gruber et al.,
2023). These variations in the sink are composed of like-sign variations in the tropical Pacific and Southern Ocean with both
having increased outgassing in the 1960s and 1970s.

As LDEO-HPD is a hybrid reconstruction, incorporating information from 10 hindcast ocean models and Surface Ocean
COs Atlas (SOCAT; Bakker et al., 2016) fCO- data, it is useful to ask how much of the decadal variability in this data product

is due to the models vs. the data. We explore this topic in the Appendix, with major findings being that the data drives significant
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mean-state adjustments in all regions. The models fully determine the decadal variability of the LDEO-HPD product prior to
1982, as expected. Beyond 1982, the observations have the greatest impact on the variability in the Southern and Indian Oceans,
with impacts increasing as more data become available after 2000.

The sink in the 1960s and 1970s may be sensitive to the construction methods of LDEO-HPD which differs between 1959-
1981 and 1982-present (Bennington et al., 2022). For the later period, Bennington et al. (2022) used machine learning to
determine an interannually-varying misfit, and then applied these full-field estimates to adjust each modeled fCO4 toward the
data. Due to the lack of ocean carbon observations prior to 1982, a climatological adjustment based on the model-data misfits of
2000-2024 is applied prior to 1982; justified by the climatology being the far-dominant component of the misfit. This correction
does not vary significantly if a different subset of years is used to create the climatological adjustment.

The GOBMs are forced with reanalyses that suffer from a sparsity of meteorological observations in their earlier decades,
which may also lead to damped variability (Bromwich and Fogt, 2004). Damped variability prior to 1982 is suggested by the
components of FCO), (Figure 4B-D): the AfCO2-driven PC1 appears to be more variable in the 2000s compared to the years
prior to 1982. Thus, we have several reasons to suspect that the magnitude of the sink in the 1960s and 1970s may actually
have been weaker during that period (Figure 1B). If this were the case, the sink strengthening around 1980 may have been
more pronounced.

It is also possible that the amplitude of decadal variability may be overestimated by LDEO and other f{CO5 data products.
Experiments with ocean models as testbeds to explore reconstruction skill have demonstrated that undersampling of fCO; in
the Southern Ocean contributes to overestimation of FCO, decadal variability (Gloege et al., 2021; Hauck et al., 2023). The

magnitude of this overestimation varies with data product (Fay et al., 2025).
4.2 Drivers of regional decadal variability

This analysis indicates that decadal changes in AfCO5 and FCOs are connected to decadal variations in the physical Pacific
ocean-atmosphere system with expression from pole to pole (Di Lorenzo et al., 2023). The tropical Pacific Ocean and the
Southern Ocean are the dominant, same-sign, sources of this decadal variability (Figure 2), consistent with previous shorter-
term analyses (Gruber et al., 2023) and a prior study of natural variability in Earth System Models (Resplandy et al., 2015).
Correlations of the timeseries of FCOs reveal that the tropical Pacific and Southern Ocean are the most correlated of all regions
(Figure 2; r = 0.60, p<0.05). The EOF1 of FCO, also reveals coherent variability across these two regions (Figure 3A).

The timeseries of the dominant mode of air-sea CO- flux variability (PC1-FCO,) is well correlated with the MEI, IPO
and PDO indices (Figure 3B). Negative index phases coincide with the positive phases of PC1-FCO, (1959 to 1980; 1998-
2015; 2018-2024) and positive index phases roughly coincide with the negative phase of PC1-FCO4 (1980-1998; 2015-2018).
The changes shown in the composites (Figure 6) are centered around PC1-FCO; phase shifts that occur at approximately
the same times as when the climate indices shift between positive and negative phases. Thus, the decadal FCO variability
appears related to the decadal variability of these climate indices and phenomena. The smoothed MEI, IPO and PDO indices

are strongly correlated with each other (r > 0.88, not shown), which is consistent with the understanding that ENSO and the
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-16 -12 -8

Figure 7. PDO-attributable composites (1962-2021) of AfCO%, u,, SST and MLD. For each variable, values are regressed onto the PDO
index, and the regression-predicted values are composited over the same positive and negative PC1-FCO> years used in the total composite

in Figure 6. These composites represent the component of variability attributable to PDO.

PDO/IPO are strongly linked in a pan-Pacific mode of climate variability that connects across space and timescales (Deser
et al., 2012b; Newman et al., 2016; Landschiitzer et al., 2019; Heidemann et al., 2024; Jacobson and Seager, 2025).

To examine this further, in Figure 7 we show the PDO-attributable change in AfCO%, u?,, SST and MLD for the same
years that go into the PC1-FCOs-based composite (Jacobson and Seager, 2025). This is done by first computing regressions of
these fields on the PDO index (Figure 3) and then using the index values of years to compute the PC1-FCO5-based composite.
Comparison of Figure 7 to Figure 6 (left column) makes clear that the change in PDO state is contributing considerably to
the total change in fCO4 and physical quantities over these time intervals. Positive (negative) PDO phases are associated with
warmer (colder)-than-average SSTs in the tropical Pacific (Mantua and Hare, 2002) and opposite sign SST anomalies in the
extratropical Pacific Ocean, a pattern that is also seen in the PC1-FCO,-based composite (Figure 6C). Positive (negative)
PDO phases are also associated with weaker (stronger) wind speeds in the South Pacific west of the tip of South America and
opposite sign anomalies in the Indian Ocean sector of the Southern Ocean. The PC1-FCOz-based composite of u%, (Figure 6B)
indicates a strengthening from the 20th into the 21st centuries of surface wind speeds in the Southern Ocean which is therefore
consistent with the PDO shift in the late 1990s (Garreaud and Battisti, 1999; Pezza et al., 2007).

Kang et al. (2024, 2025) have noted the cooling of the eastern tropical Pacific over this time interval has driven an increase

in South Pacific storminess and westerlies, consistent with our results. However, we also note that u%o is not detrended for the
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composite analysis and so the influence of rising greenhouse gases and the recovery of stratospheric ozone towards the 2000s,
which can strengthen the Southern Hemisphere jet stream, could also help explain the strengthened surface wind speeds seen
in the composite (Sexton, 2001; Arblaster and Meehl, 2006; Gerber and Son, 2014). Formal detection and attribution work is
required to separate the influences of greenhouse gases and ozone from climate variability on surface wind speeds. Li and
England (2020) find that variability of winter mixed layers in the Southern Ocean is controlled by teleconnections originating
from the Pacific region through ENSO and that multidecadal variability in mixed layer properties are likely to have been
influenced by shifts in the Interdecadal Pacific Oscillation (or the PDO).

In the tropical Pacific, the dominant signal of spatial variability is akin to the EOF pattern for ENSO-driven flux interannual
variability (McKinley et al., 2004; Wong et al., 2022). The composite patterns over the tropical Pacific (Figure 6) can also
be explained by decadal variations in the dominant state, with more La Nifia-like conditions in the 1960s and 1970s, more El
Nifo-like conditions in the 1980s and 1990s, and then more La Nifa-like conditions again after 2000. With a more La Nifia-like
state of the tropical Pacific, stronger easterly trade winds induce stronger upwelling in the eastern tropical Pacific, which both
cools the surface ocean and intensifies CO2 outgassing (Bjerknes, 1966; McKinley et al., 2004; Wong et al., 2022).

Composite patterns in the Southern Ocean (Figures 6 and A1) show that over most of the region, other than some parts of the
South Pacific sector, as wind speeds weakened from the late 20" to early 21°¢ century, the MLDs (consistently) shoaled (Sallée
et al., 2010). MLD shoaling would be expected to reduce the amount of DIC in the mixed layer, due to the positive downwards
DIC gradient in the ocean (Levy et al., 2013; Yang et al., 2021). This would make AfCO, more negative and strengthen the
Southern Ocean sink. Yet, we find spatial coherence across the composite changes over the Southern Ocean which indicate that
a regional reduction in MLDs corresponds to a regional positive growth in AfCO5 and a weakened Southern Ocean sink.

An alternative explanation may be that reductions in mixed layer depths created smaller mixed layer volumes and more
accumulation of carbon fluxed in from the atmosphere (Fassbender et al., 2017). The complication is that reduced mixing
should also reduce the supply of nutrients to the surface layer, and in turn, reduce removal of carbon through biological
production of organic carbon and its export to depth. Multiple lines of evidence suggest the biological pump plays a significant
role in the variability of the Southern Ocean carbon sink. A constrained global ocean model with biogeochemistry (ECCO-
Darwin, Carroll et al. (2022)) finds net biological removal of DIC from the upper 100m of the Southern Ocean, while net
diffusive processes, air-sea CO5 fluxes and net advection drive DIC gain that opposes the significant biological loss term.
Huang et al. (2023) also find that biology has an important role in sustaining the Southern Ocean carbon sink. A recent
observational study investigated six seasonal cycles of variability using an observations-based Southern Ocean mixed layer
DIC budget (Sauvé et al., 2023) and found that biological activity and advection (dominated by Ekman transport) dominated
seasonal variations in mixed layer DIC concentrations. The lack of observed products to constrain decadal timescale changes
in biological productivity since the 1960s is an impediment to further exploration of this potential mechanism.

In addition to better understanding biological factors, further research is needed to determine how changes in wind stress and
surface buoyancy fluxes drive mixed layer depth variability, and how in turn, these are related to modes of climate variability,
such as the MEI (Wang et al., 2022), the IPO, the PDO, and the Southern Annular Mode (see Sallée et al., 2010). Goyal et al.

(2021) assess ERAS reanalysis trends (from 1979 to 2019) in southern hemisphere surface westerlies and find that variations in
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the position and strength of the westerlies are dominated by natural interannual to decadal scale climate variability. Kang et al.
(2024, 2025) also note that the change in winds over the South Pacific were driven by the change in equatorial Pacific SSTs.
While it is reasonably known how modes of climate variability influence tropospheric circulation, it is less well known how they
influence surface wind speed - with its connection to storminess - and why. Further, the decadal timescale difference in f{CO2
and FCO,, between the early 215¢ and late 20" century, will contain some component of responses to time-varying changes
in ozone and COs that are not removed by linear detrending. To further complicate matters, there is an active and unresolved
debate about whether tropical Pacific trends over the last few decades analyzed here are natural variability, radiatively-forced,
or some combination (e.g. Jiang et al., 2024). Other sources of decadal variations to consider include the impacts of volcanic
eruptions on the carbon cycle and on ENSO conditions themselves (Eddebbar et al., 2019; McKinley et al., 2020; Fay et al.,
2023). Future work needs to disentangle the roles of internal variability, external forcing and ENSO-volcano effects to better

understand the decadal variability of the ocean carbon system.

5 Conclusions

The LDEO-HPD product offers a model-data hybrid assessment of 66 years of full-coverage observation-based estimates of
ocean fCO3 and FCOs,. This allows for study of decadal variations in the ocean carbon cycle and their associations with decadal
variations of climate. The long timeseries is sufficient to reveal more than a full cycle of decadal variability, with EOF analysis
confirming that the decadal variability is a dominant signal. The tropical Pacific Ocean and Southern Ocean are the main
contributors to the global decadal variability of FCO,. The dominant EOF mode of FCO4 decadal variability is synchronous
across these two regions, and is strongly correlated with the modes of variability common to both regions, such as the MEI,
IPO and PDO.

Composite changes in physical variables (SST, u?, and MLD) reveal patterns of change potentially connected to FCOq
decadal variability. Decadal changes over the tropical Pacific are consistent with decadal shifts in the PDO or IPO. In the
Pacific sector of the Southern Ocean, we do not find a clear mechanistic driver for a weakened carbon sink in the early 21st
century, potentially due to biases in the data product or missing information about changes in biological processes.

To better constrain FCO4 decadal variability and its mechanisms, data products need to be continually updated and improved.
Critical for reducing uncertainty will be sustaining existing sampling programs and expanding sampling in data-poor regions
(Heimdal et al., 2024; Heimdal and McKinley, 2024; Dong et al., 2024). Understanding decadal variations in the global ocean
carbon sink and their connection to decadal timescale climate variation, is an essential component of accurate diagnosis and

prediction of the evolving global carbon cycle and climate change.
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Appendix A

To understand how much of the variability in LDEO-HPD is driven by the underlying 10 GOBMs (Section 2.1) as opposed to
the SOCAT data (Bakker et al., 2016) to which it is corrected, we compare the AfCO4 timeseries of the individual GOBMs,
the GOBM mean, and LDEO-HPD (Figure A2). The data-driven correction significantly alters the mean state of most models.
Smoothed anomalies of the global timeseries (bottom) show that all pre-1982 variability on timescales longer than 13-months
is due to the models, as expected. After 1982, the data adjustments increasingly modify the variability.

The regional decomposition of the individual GOBMs, the GOBM mean, and LDEO-HPD (Figure A3) has qualitatively
different impacts on the interannual variability in different regions. The data have limited impact on the phasing of interannual
variability in the tropical Pacific, but do modify the amplitude of this variability here. This indicates that, for the majority of
GOBMs, the use of reanalysis winds to force the ocean models leads to successful representation of the phasing of ENSO and
its impacts on fCOs. The data do modestly amplify the magnitude of these impacts over the GOBM mean. The data drives the
largest regional changes to interannual to decadal variability in the Southern and Indian Oceans.

Correlations over different time periods (Table A1) again demonstrate that prior to 1982 (second column), the 13-month
smoothed variability of the GOBM mean fully explains LDEO-HPD variability, with all correlations being 0.99 or 1.0.
However, for 2000-2024, when SOCAT data have the greatest density, the GOBM mean is poorly correlated to LDEO-HPD
in the Southern and Indian Oceans, as well as in the Atlantic. In these basins, the data is the dominant cause of the 13-month
smoothed variability. Correlations for 1982-1998 are intermediate, consistent with a more balanced influence of the models
and the SOCAT data. As noted above, the data do not substantially change the phasing of Tropical Pacific variability, and thus
correlations are 0.88 or higher for all timeframes here.

This brief analysis is a first look at the relative influence of the GOBMs and the SOCAT data on the decadal variability of the
LDEO-HPD product. We find that the pattern of coherent tropical Pacific / Southern Ocean variability revealed by LDEO-HPD
is the combined result of an ensemble of GOBMs that collectively can capture the phasing and most of the amplitude of tropical
Pacific decadal variability, but that do not, as an ensemble, capture Southern Ocean decadal variability. Southern Ocean decadal
variability is significantly modified when the SOCAT data correction is applied, leading to the coherent features discussed in
the main text. Future analysis should evaluate the signals in the different models when they are adjusted, and further quantify

how the models and the data-based adjustments work together to reconstruct the decadal variability of the ocean carbon sink.
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Figure A1. Southern Ocean view (polar stereographic, >40°S) of Figure 6.
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Figure A2. Global ocean AfCO2 1959-2024 time series comparing LDEO-HPD (blue) against 10 Global Ocean Biogeochemical Models
(GOBMs) from the Global Carbon Budget 2025 (gray lines: individual models; black line: multi-model mean). Top panel: 13-month
smoothed AfCO2 (no detrending). Middle panel: lowpass-filtered decadal variability of AfCO2 (no detrending). Bottom panel: 13-month
smoothed AfCO, anomaly after linear detrending. All time series are area-weighted global means. The top two panels retain the long-term

trend, while the bottom panel isolates interannual variability.
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Figure A3. Regional AfCO2 1959-2024 time series comparing LDEO-HPD (blue) with 10 GOBMs from the Global Carbon Budget 2025
(gray lines: individual models; black line: multi-model mean). Panels show, from top to bottom: North Pacific, Tropical Pacific (15°N-15°S),
South Pacific, Atlantic Ocean, Indian Ocean, and Southern Ocean (>40°S). All time series are area-weighted regional means smoothed with

a 13-month running mean. No detrending is applied.
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Table Al. Detrended correlation coefficients between area-weighted, 13-month smoothed, detrended AfCO; time series from the GOBM
multi-model mean and LDEO-HPD, computed for each region and the global domain over five time periods. The linear trend has been

removed prior to calculating the correlation coefficients. For the sub-period correlations (1959-1980, 1982-1998, and 2000-2024), a 2-year

gap is used between adjacent windows to avoid confounding effects from the 13-month smoothing.

EGUsphere\

Region 1959-2024  1959-1980  1982-1998  1982-2024  2000-2024
North Pacific 0.71 0.98 0.63 0.72 0.79
Tropical Pacific (15°N-15°S) 0.89 0.99 0.92 0.89 0.88
South Pacific 0.63 1.00 0.80 0.60 0.91
Atlantic Ocean 0.50 0.99 0.70 0.46 0.35
Indian Ocean 0.48 0.99 0.43 0.40 0.37
Southern Ocean (>40°S) 0.41 1.00 0.64 0.39 -0.01
Global 0.75 0.98 0.84 0.73 0.55
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