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Abstract. Ocean Alkalinity Enhancement (OAE) is a method proposed for ocean-based Carbon-Dioxide Removal and de-

scribes the sequestration of CO2 from the atmosphere through a deliberate increase in alkalinity in the ocean. In this study, we

compare multiple approaches for the calculation of the CO2 uptake efficiency for regional OAE using an Earth system model.

We find that for regional alkalinity deployment at the European Atlantic coast the change in the global ocean inventories for

dissolved inorganic carbon and alkalinity is not a feasible approach. The OAE-induced removal of CO2 from the atmosphere5

leads to phase shifts in the large-scale climate pattern El Niño, but it does not influence its frequency or intensity. This alters

the timing of interannual variations in global carbon fluxes, which obscures the detection of the immediate signal of alkalinity

addition on ocean carbon uptake on annual to decadal timescales. Approaches that track the regional distribution of the added

alkalinity or the OAE-induced regional strengthening of the air-sea CO2 flux provide more robust estimates of CO2 uptake

efficiency, when the following criteria are taken into account: (i) ocean conditions in and close to the deployment region (e.g.,10

circulation, upwelling and subduction) (ii) the natural variability of surface alkalinity and air-sea CO2 flux, and (iii) the possible

impacts on global climate modes such as El Niño.

1 Introduction

The cumulative ocean carbon sink is estimated to be 170±35 GtC between 1850 and 2020 (Friedlingstein et al., 2022). How-

ever, the fraction of CO2 emissions taken up by the ocean in the future is difficult to predict, possibly increasing to 290±30 GtC15

under the emission scenario SSP1-2.6 and 520±40 GtC under SSP5-8.5 by 2100 (Liddicoat et al., 2021; Canadell et al., 2021).

With ongoing climate warming, the task of reducing global emissions is becoming increasingly pressing. To halt global warm-

ing, net zero CO2 emissions needs to be achieved, in turn requiring strong emission reduction complemented by CO2 removal

from the atmosphere to balance the remaining hard-to-abate emissions. Traditionally, most CO2 removal (CDR) methods con-

sidered have been terrestrial methods, but it is increasingly becoming clear that their potential and upscaling speed will make20

it difficult to reach CDR amounts sufficient to reach net-zero emissions by mid century, as deemed necessary to limit warming

to less than 2°C (UNFCCC, 2015). With the ocean being the largest carbon reservoir exchanging carbon with the atmosphere

on societally relevant timescales, it appears reasonable to carefully consider marine CDR approaches as well (Oschlies et al.,

2025).

1

https://doi.org/10.5194/egusphere-2026-4781
Preprint. Discussion started: 18 August 2026
c© Author(s) 2026. CC BY 4.0 License.



Ocean Alkalinity Enhancement (OAE) is a method for marine CDR (mCDR) with promising potential to make a significant25

contribution to the total demand of CDR. It is described as the sequestration of CO2 from the atmosphere through a deliberate

increase in alkalinity in the surface ocean (Renforth and Henderson, 2017).

To evaluate the effectiveness of OAE as an mCDR method, its efficiency is defined as the amount of CO2 sequestered per

unit of added alkalinity (Schwinger et al., 2024). It is commonly calculated as the ratio of volume-integrated increases in ocean

dissolved inorganic carbon (DIC) to the cumulative added alkalinity. The metric was introduced by Renforth and Henderson30

(2017) and links the efficiency of OAE to the chemical buffer capacity of the ocean. The explicit formulation of this ratio

appears under different synonyms in the literature; it is called long-term efficiency (Nagwekar et al., 2024), chemical efficiency

(Schwinger et al., 2024), carbon-uptake efficiency or carbon-uptake potential (Burt et al., 2021; He and Tyka, 2023).

An alternative approach to calculate the OAE efficiency employs the cumulative air-sea CO2 flux (Nagwekar et al., 2024).

When considering idealized global-scale application of OAE, as commonly assumed by global modelling studies so far, OAE-35

induced changes in global ocean DIC inventory should very closely match OAE-induced changes in cumulative air-sea CO2

fluxes - with small differences being possibly caused by net transformations between DIC and organic carbon in the water

column. For either way of measuring efficiency, Schwinger et al. (2024) differentiate between Earth system efficiency – simu-

lations including carbon-cycle climate feedbacks – and capture efficiency, which is a result of simulations without carbon-cycle

climate feedbacks. In both cases, the globally integrated cumulative air-sea CO2 flux, or the change in DIC content, is set in40

relation to the cumulative added alkalinity.

Although these approaches are straightforward to implement in numerical models, the metrics to calculate efficiency listed

above without any other constraints have some caveats. The use of increases in global-ocean DIC and added alkalinity

(ALKadd) has been shown to work well for large-amplitude hypothetical global OAE applications (Schwinger et al., 2024).

However, in a reasonably more realistic regional OAE application (e.g., river sources, small coastal areas), the OAE signal in45

the global DIC and alkalinity changes might be very small compared to background variability, as both DIC and alkalinity

vary due to internal and anthropogenically-driven climate and ocean variability. Global-ocean DIC content varies as a result

of anthropogenic CO2 uptake and internal climate modes, such as El Niño. Alkalinity varies through changes in biological

and chemical processes including calcification and carbonate dissolution, denitrification, and nitrogen fixation (Paulmier et al.,

2009). This noise caused by internal model variability is particularly relevant for Earth system models with fully coupled50

carbon cycle and interactive atmospheric CO2 that responds to changes in carbon fluxes.

In this study, we apply OAE in a regional setting within a confined European coastal region to a fully coupled atmo-

sphere–ocean general circulation model under a high CO2 emission scenario with an interactive carbon cycle. The signal of

CO2 removal induced by small-scale regional alkalinity addition, however, is likely to be masked by both strong background

emissions and internal climate variability, resulting in a low signal-to-noise ratio. In such a setting, robust efficiency metrics55

are required to reliably detect and quantify carbon removal efficiency under real-world conditions.

We compare multiple metrics for the calculation of the CO2 uptake efficiency of regional OAE simulated with an Earth

system model, and discuss what speaks for and against certain methods in establishing guidelines for future work and the

comparability between different studies and observations.
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2 Methods60

We run experiments with the FOCI Earth system model (Matthes et al., 2020). The main components of the model are the ocean

model Nucleus for European Modelling of the Ocean (NEMO3.6) (Madec and the NEMO team, 2016), the European Center

Hamburg general circulation model (ECHAM6) for the atmosphere (Stevens et al., 2013), including a land model JSBACH for

the carbon cycle on land and TRACY-MOPS for the biogeochemistry of the ocean (Chien et al., 2022; Kriest and Oschlies,

2015). The ocean grid has a global resolution of 1/2° on a tripolar grid with a 1/10° resolution nest in the North Atlantic (Fig. 1).65

The grid has 46 vertical levels ranging from the thickness of 6 m near the surface to the thickness of 250 m in the deep ocean.

The atmosphere has run with a T63 spectral resolution, corresponding to a Gaussian grid of approximately 1.8° x 1.8°, in a low-

top atmosphere with 95 vertical layers and with interactive atmospheric CO2 represented as a prognostic three-dimensional

tracer. The atmosphere-land component ECHAM6-JSBACH and the ocean–biogeochemistry component NEMO-MOPS are

fully coupled via OASIS3-MCT, enabling e.g. the exchange of CO2 between the ocean, land, and atmosphere, which allows70

for carbon-cycle feedbacks.

The simulations are performed with the Shared Socioeconomic Pathway SSP3-7.0 emission scenario, which includes pro-

jected socio-economic developments as well as atmospheric greenhouse gas concentrations (Meinshausen et al., 2020). The

model uses idealized, completely dissolved alkalinity to simulate OAE experiments. To investigate the behaviour of alkalinity

distribution and changes in the ocean carbon uptake, simulations are performed where the alkalinity was added in eight separate75

coastal regions (Fig. 1a). The coastal regions are separated by country: United Kingdom (UK, blue), Spain and Portugal (SP &

PT, orange), Norway and Sweden (NOR & SW, green), the Netherlands and Belgium (NE & BE, red), Ireland (IRE, violet),

Iceland (ICE, brown), Germany and Denmark (GER & DK, pink), and France (FR, grey). The alkalinity addition ALKADD

follows a linear ramp up for the first 10 years from year 2025 to 2034 until the total ocean alkalinity addition over all coastal

sections adds up to the equivalent of 1 Gt Ca(OH)2/year (27 Tmol/year alkalinity), distributed uniformly over the entire coastal80

deployment area, an approx. 50 km wide stripe along the coast. From 2035 to 2049, a continuous addition of alkalinity at a

steady rate is simulated (Fig. 1b). Based on the latest assessments, current implemented climate policies lead to emissions ana-

logue to an emission scenario somewhere between SSP2-3.4 and SSP2-4.5 (Burgess et al., 2023; United Nations Environment

Programme, 2025), where European emissions reach 8 Gt CO2/year to 13.3 Gt CO2/year in 2050 (Riahi et al., 2017). In an

ideal case, approx. 1 Gt Ca(OH)2/year would be needed to remove approx. 0.8 Gt CO2/year from the atmosphere (Foteinis85

et al., 2022). While this is only about 10% of the projected European emissions for SSP2-3.4 in 2050, 1 Gt Ca(OH)2 is a bit

less than five times the amount of Ca(OH)2 produced by the European cement industry in 2021 (approx. 220 Mt Ca(OC)2;

CEMBUREAU, 2023). While the total amount of 27 Tmol alkalinity is too large to be realistically achievable, the alkalin-

ity additions to single coastal segments are comparatively more feasible (Fig. 1b). In addition to the OAE simulations, one

simulation without any alkalinity addition was performed as a baseline (BASE).90
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Figure 1. (a) Nest domain in the North Atlantic outlined in black. Coloured areas show deployment regions for alkalinity in the different

simulations. (b) Yearly rate of alkalinity addition and the equivalent of Ca(OH)2. The approximate amount of Ca(OH)2 produced by the

European cement industry in 2021 is shown as a dashed gray line (CEMBUREAU, 2023).

2.1 CO2 uptake efficiency based on DIC and alkalinity budgets

For the first method, we calculate changes in the inventories of DIC and alkalinity of the ocean between the OAE simulations

and BASE:

EFF (t) = ∆DIC(t)/∆ALK(t) (1)

(i) Global budgets: The total changes in global-ocean DIC and alkalinity due to OAE are diagnosed as differences between95

OAE simulations and BASE.

(ii) Coastal budget: Only the water column below the grid nodes where alkalinity is applied, is used to calculate changes in

ocean alkalinity and DIC between OAE simulations and BASE.

(iii) Threshold-based budgets: Different thresholds (10, 20, 50, 100 µmol/kg) are applied to the difference in surface alka-

linity between the OAE experiments and BASE at each of the surface nodes. This allows to restrain the calculation to100

the region of spreading of the alkalised water masses. To ensure that only DIC anomalies are counted that are related to

OAE, we apply a spatial connectivity criterion: The initial “seed” region is defined by the alkalinity deployment zones

along the European coast. For each year beginning with the start of OAE deployment, we identify connected grid cells

(using 4-neighbour grid adjacency) where the surface alkalinity anomaly (∆ALK) exceeds the respective threshold and

is connected to the OAE deployment region. For time steps, where the threshold is not exceeded, the relevant grid cells105

are again removed from the calculation. The DIC anomaly (∆DIC) is then integrated only over the region of alkalinity

anomalies connected to the OAE deployment region. This approach aims to follow the physical spread of the added

alkalinity as a result of horizontal transport.
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2.2 CO2 Uptake Efficiency based on cumulative Air–Sea Flux Anomalies

As a second approach we calculate the CO2 uptake efficiency as the ratio of time-integrated anomalous air–sea CO2 flux to the110

cumulative alkalinity added (Eq. 2). The flux anomaly is calculated at each grid cell and time step as the difference between

the OAE simulation and the BASE run, representing the additional net CO2 uptake caused by OAE. Both the anomalous CO2

flux and the added alkalinity are integrated over time to yield annual cumulative efficiency values.

EFF (t1) =

t1∑

0

∆FCO2
(t)dt/

t1∑

0

ALKADD(t)dt (2)

We restrict the analysis to statistically significant anomalous CO2 fluxes, applying two different criteria to identify the fraction115

of the air–sea CO2 flux attributable to OAE, while removing natural variability and noise as far as possible. To account for

temporal consistency and spatial coherence, we implement a time-of-emergence (TOE) approach to detect when and where the

OAE signal rises above natural variability, combined with a connectivity filter to restrict the analysis to physically connected

impact regions. At each model grid cell, we perform a moving-window statistical test on the CO2 flux anomaly. Specifically,

we apply a two-sample, one-tailed t-test over a 5-year sliding window to determine whether the annual mean CO2 flux under120

OAE is significantly lower than in the control simulation BASE. A significance level of α= 0.01 is used. Each time step in

which a statistically significant negative anomaly occurs is recorded as the point of signal emergence for that grid cell. This

approach is conceptually analogous to determining the TOE of a forced climate signal from internal variability (Turk et al.,

2019). Additionally, the spatial connectivity criterion described above is applied to the flux anomaly. Any newly significant grid

cell adjacent to the existing connected region is added, while grid cells that show no significant difference any more are remove.125

This method was also applied to ∆ALK, but no areas could be identified where the t-test yielded statistically significant results

at either the 0.01 or 0.05 significance level. Therefore, the threshold criterion in section 2.1.(iii) was used instead.

2.3 Combined plume tracking criteria

To be able to directly compare the uptake efficiency calculated over the same volume, we combine the threshold criterium

for surface alkalinity changes and the significance criterium for the air-sea flux changes. The CO2 uptake efficiency is then130

calculated based on (i) the ratio of ∆DIC to ∆ALK (Eq. 1), and (ii) the ratio of the cumulative air-sea flux changes to ALKADD

(Eq. 2).

3 Results

3.1 Budget changes of alkalinity and dissolved inorganic carbon

The reference simulation BASE shows changes in the total amount of alkalinity and DIC in the ocean over the course of the135

25 simulated years. While the alkalinity content of the ocean decreases slightly by approx. 0.07 Pmol between 2025 and 2049,

the amount of DIC shows an increase by approx. 6.52 Pmol in the high-emission SSP3-7.0 scenario, with overlaid seasonal
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variations. Most of the additional carbon is taken up by the Atlantic Ocean, visible as increased DIC content between the

equator and approx. 45◦N (Fig. S1). In contrast, some regions in the subtropical Pacific and Indian Ocean experience lower

DIC caused by outgassing in the respective regions. The change in alkalinity is more evenly distributed with some increase140

in alkalinity in the eastern and northern Pacific, while the Atlantic Ocean is dominated by alkalinity loss. These changes are

caused by the increasing CO2 concentration in the atmosphere. The higher concentration increases the partial pressure of CO2

(pCO2) towards the ocean surface and strengthens the CO2 flux into the ocean.

a) Global ocean

The easiest way to make sure that all OAE-induced DIC changes are accounted for in the efficiency calculation, is to include145

the global ocean when calculating ∆ALK and ∆DIC. In an idealized scenario without feedback effects between the different

climate components, the alkalinity in the ocean accumulates over time in the OAE simulations and increases by the same

amount as ALKADD. Similarly, ∆DIC increases over time. However, the model simulations show that neither is ∆ALK

identical to ALKADD (Fig. 2a), nor does ∆DIC follow proportionally (Fig. 2b), except for the simulation with OAE application

along the whole EU coast (EU; inset in Fig. 2a and b).150

Figure 2. Global ocean budgets. (a) Change in global alkalinity content relative to the baseline simulation, dashed lines show the accumulated

alkalinity additions ALKADD for each simulation (
∑t1

0 ALKADD(t)dt). (b) Change in global DIC content, (c) CO2 uptake efficiency

(∆DIC/∆ALK) for the global ocean. Insets in (a) and (b) show ∆ALK and ∆DIC for the simulation with alkalinity addition along the

whole European coast (EU).

In the simulations with regional OAE forcing ∆DIC becomes negative over large time spans, indicating reduced carbon

uptake by the ocean compared to the reference simulation BASE despite the addition of alkalinity (Fig. 2a). The largest differ-

ences in ocean DIC can be found in the tropical Pacific Ocean (not shown). Differences in CO2 outgassing and CO2 uptake

brought about by phase shifts in the El Niño/La Niña events accumulate in the DIC reservoir of the ocean (Fig. 3a); during

El Niño events, higher sea surface temperatures lead to enhanced outgassing, while colder sea surface temperatures during La155

Niña lead to a stronger CO2 uptake (Sun et al., 2025). The effect is confirmed by a strong correlation between the cumulative

Niño3.4 index (Fig. 3b), calculated from sea surface temperature anomalies in the equatorial Pacific Ocean, and the global

∆DIC (Pearson coefficients: 0.63-0.86, r<0.01). The change in DIC due to OAE is masked by the much larger effect of the

shift in El Niño/La Niña events on year-to-year changes in the oceanic DIC inventory in nearly all OAE simulations, rendering
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∆DIC of the global ocean relatively insensitive for the calculation of CO2 uptake efficiency of regional OAE applications on160

annual to multi-decadal timescales. The only exception is the EU simulation, where the additional OAE-induced carbon uptake

is large compared to the cumulative effect of El Niño on the carbon cycle, resulting in a net increase in global ocean DIC.

Figure 3. a) Niño3.4 index from sea surface temperature anomalies in the index region Niño3.4. b) Cumulative change of the Niño3.4 index

difference between the OAE experiments and the reference run.

The differences between ∆ALK and ALKADD shown in Fig. 2a are caused by OAE-induced changes in biogeochemical

processes, in particular the formation and consumption of nitrate and phosphate via microbial activity, including denitrification

and nitrogen fixation with subsequent nitrification (Paulmier et al., 2009). These changes occur in response to OAE-induced165

changes in the state of the climate system. They can lead to differences in globally integrated nitrate content that strongly

correlate negatively with the difference between ∆ALK and ALKADD (Pearson coefficients: -0.51 – -0.97, r<0.01) because

an increase of nitrate is accompanied by a decrease of alkalinity (Chien et al., 2022). Changes in phosphate content can, in

the current model version, arise only from changes in the partitioning of the conserved total phosphorus inventory among

inorganic phosphate and particulate or dissolved organic phosphorus. Both denitrification and nitrogen fixation occur generally170

far away from the regional OAE deployment in our simulations, but can affect the global ocean nitrate inventory. In the OAE

experiments with small alkalinity additions like the runs with alkalinity addition at the coasts of the Netherlands and Belgium

(NE & BE) or Germany and Denmark (GER & DK), the effect of the changing nutrient inventories on alkalinity are of a similar

scale as the addition of ALKADD itself. Given out-of-phase interannual variations in OAE and BASE runs, this occasionally

leads to ∆ALK values close to zero, resulting in spikes in uptake efficiencies when diagnosed from the global ∆DIC/∆ALK175

ratio (Fig. 2c).

b) Coastal ocean

One option to reduce the effects of OAE-induced remote impacts on the fixed nitrogen and alkalinity budgets on the diagnosed

CO2 uptake efficiency of regional OAE is to constrain the region for which the efficiency is diagnosed to the actual alkalinity

deployment region (Fig. 4a, compare to map in Fig. 1). Of the accumulated alkalinity addition, less than 2.5 % stay within the180

local water column over the 25 years of the experiment. The lion’s share is exported. In contrast to the global reservoir, the
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change in ocean DIC in these areas is positive and can be directly related to the alkalinity increase (Fig. 4b). The resulting

efficiencies range from 0.16±0.17 in the simulation with additions in Norway and Sweden (NOR & SW) to 0.53±0.03 for EU.

Figure 4. Coastal oceans. (a) Dashed lines show the accumulated alkalinity additions (right axis). Solid lines show the change in alkalinity

content in the water column in the OAE deployment region along the coasts (left axis). (b) Change in DIC content in the water column in the

same region. (c) CO2 uptake efficiency between 2035 and 2050. Due to values of ∆ALK close to zero between 2025 and 2035, the efficiency

far exceeds reasonable values and has been excluded from the analysis.

c) Spreading of alkalised water masses

The alkalised water masses spread along the European coast (Fig. S2). While alkalinity additions in the North Sea are mostly185

transported North towards the Arctic Ocean and stay close to the coast, alkalised water masses originating at the coasts of

Portugal and Spain are also circulated into the Mediterranean Sea. When diagnosing the efficiency over the region of the

expanding plume of alkalised water, the choice of threshold for the change in surface alkalinity concentration in the plume

definition strongly influences the resulting diagnosed efficiency (Table 1). For a low threshold (10 µmol/kg), the average

efficiency ranges from 0.36±0.12 for Iceland (ICE) to 0.74±0.17 for the addition along the coasts of the Netherlands and190

Belgium (NE & BE). For higher thresholds, the areas included in the calculation reduce, but efficiencies can go up. For

the four thresholds explored in this analysis, the simulations for EU and ICE show the highest efficiency for a threshold of

20 µmol/kg, while FR and NOR & SW show highest efficiencies for an even higher threshold of 50 µmol/kg. However, when

the threshold is too high, the plume area is underestimated because the change in alkalinity concentration rarely exceeds the

threshold.195

The probability density functions (calculated with the python package diffKDE by Pelz et al., 2023; Pelz and Slawig, 2024)

of the interannual variability of the surface alkalinity concentration in BASE shows a probability up to 35% for the surface

alkalinity to be 10 µmol/kg larger than the 25 year mean in the North Sea and along the Norwegian coast (Fig. 5a). When

the interannual variability is of similar scale or larger than the detection threshold for the plume of alkalised water mass,

noise is introduced to the efficiency calculation. If the concentration threshold is chosen too low, areas of high background200

variability are included in the region labelled as alkalinity plume; the calculated efficiency then includes noise and represents

an artificial efficiency of the variability instead of the effect of OAE. With a threshold that is higher than the internal variability,
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Table 1. Mean CO2 uptake efficiencies and temporal standard deviation calculated over the expanding plume of alkalised water based on

four different thresholds to constrain the area applied to the surface alkalinity concentration.

∑
∆FCO2 /

∑
ALKADD ∆DIC/∆ALK

coast 10 µmol/kg 20 µmol/kg 50 µmol/kg 100 µmol/kg

EU 0.591 0.532 0.641±0.088 0.670±0.104 0.656±0.068 0.640±0.069

UK 0.598 0.458 0.651±0.074 0.645±0.085 0.639±0.078 0.592±0.059

SP&PT 0.509 0.398 0.555±0.180 0.553±0.156 0.512±0.150 0.432±0.065

NOR&SW 0.582 0.159 0.468±0.213 0.390±0.250 0.414±0.177 0.218±0.081

NE&BE 0.595 0.217 0.739±0.165 0.664±0.090 0.520±0.072 0.409±0.080

IRE 0.597 0.411 0.651±0.125 0.616±0.142 0.602±0.080 0.542±0.035

ICE 0.310 0.202 0.360±0.117 0.387±0.177 0.215±0.046 0.202±0.036

GER&DK 0.504 0.185 0.629±0.276 0.527±0.177 0.386±0.155 0.295±0.142

FR 0.608 0.474 0.587±0.128 0.573±0.134 0.637±0.106 0.574±0.099

the detection becomes more robust, noise is reduced, and the characteristics of the coastal regions in regard to circulation,

mixing and biological activities emerge and dictate the efficiency of OAE.

3.2 Cumulative changes in CO2 fluxes through the ocean surface205

The second metric to calculate the CO2 uptake efficiency is based on the changes in the air-sea CO2 flux rather than DIC

inventory change caused by the addition of alkalinity. The distribution of the water masses included in the efficiency calculation

is smaller in the North Sea and at the coast of Norway for OAE applications in the North Sea (NE & BE, GER & DK) compared

to the water masses tracked with a threshold of 50 µmol/kg (Fig. S3). For regions that are directly exposed to the Atlantic (ICE,

NOR & SW, UK, except for IRE), the domains considered are larger than those used when tracking the alkalised water masses.210

The area detected in SP & PT expands even further westward into the Atlantic ocean. By calculating the cumulative fluxes of

carbon and alkalinity over time, and from this the efficiency, the temporal variability in the efficiency is reduced, compared

to efficiency calculations based on ∆DIC and ∆ALK (vgl. Fig. S4). The diagnosed uptake efficiency reaches values between

0.31 (ICE) and 0.61 (FR) in 2047 (Table 1, Fig. 6c). Over the last 10 years of the OAE application, the efficiencies diagnosed

from cumulative air-sea fluxes stay nearly constant, indicating that the system has reached a quasi-steady response, with carbon215

uptake continuing at an approximately constant efficiency.

3.3 Combined plume tracking

The area where the change in surface alkalinity exceeds a threshold and the air-sea flux change is statistically significant is much

smaller than when the criteria are applied individually (Fig. S5). When the metric based on air-sea flux is applied to the area

constraint by a threshold criterion of ∆ALK>10 µmol/kg, the calculated uptake efficiency is higher for most simulations than220

calculated for only the threshold criterion (Tab. 2). In contrast, when the highest threshold is applied (∆ALK>100 µmol/kg) in
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Figure 5. Probability density function (PDF) in BASE for surface alkalinity concentration to exceed the thresholds of (a) 10 µmol/kg, (b)

20 µmol/kg, (c) 50 µmol/kg, (d) 100 µmol/kg, with contour lines in white for 10% and 25% probability.

Figure 6. (a) Cumulative change in air-sea CO2 flux in areas of significant increase in air-sea CO2 flux connected to the deployment region.

(b) Uptake efficiency. Horizontal dashed line at 0.5 for orientation.

addition to the air-sea flux criterion the uptake efficiency is always smaller than the calculated value for an area constraint by

only the threshold criterion.

When the CO2 uptake efficiency is calculated based on ∆DIC and ∆ALK, temporal variability is in most cases of similar

size or smaller than when only the threshold criterion is applied to constrain the area. The simulation for OAE application225
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Table 2. Mean CO2 uptake efficiencies and temporal standard deviation calculated over the expanding plume of alkalised water based on

four different thresholds to constrain the area applied to the surface alkalinity concentration.

∑
∆FCO2 /

∑
ALKADD ∆DIC/∆ALK

10 µmol/kg 20 µmol/kg 50 µmol/kg 100 µmol/kg 10 µmol/kg 20 µmol/kg 50 µmol/kg 100 µmol/kg

EU 0.667 0.645 0.565 0.464 0.676±0.086 0.682±0.087 0.665±0.085 0.638±0.078

UK 0.666 0.653 0.610 0.536 0.651±0.066 0.648±0.068 0.630±0.058 0.599±0.048

SP&PT 0.570 0.524 0.330 0.129 0.568±0.131 0.540±0.125 0.484±0.113 0.432±0.065

NOR&SW 0.593 0.520 0.306 0.097 0.451±0.135 0.418±0.147 0.354±0.128 0.218±0.081

NE&BE 0.641 0.609 0.503 0.369 0.851±0.073 0.565±0.059 0.512±0.067 0.409±0.080

IRE 0.642 0.619 0.546 0.401 0.597±0.068 0.595±0.065 0.584±0.059 0.541±0.035

ICE 0.239 0.427 0.315 0.025 0.450±0.162 0.298±0.125 0.215±0.046 0.202±0.036

GER&DK 0.464 0.427 0.315 0.209 0.521±0.142 0.471±0.141 0.385±0.133 0.294±0.140

FR 0.707 0.688 0.650 0.557 0.601±0.109 0.622±0.116 0.609±0.101 0.571±0.100

around Iceland is the only exception. The temporal standard deviation, a representation of the temporal variability, increases

for a threshold of 10 µmol/kg from 0.117 to 0.167. This increase in temporal variability is in one respect surprising, as the

combination of criteria excludes the coast of Greenland, where the probability is high (>25 %) for the interannual variability

to lead to an increase of the surface alkalinity by 20 µmol/kg or more (Fig. 5b).

4 Discussion230

OAE works by deliberately increasing the alkalinity of the surface ocean to enhance CO2 drawdown from the atmosphere.

However, for the different metrics to measure the success of OAE in terms of oceanic carbon uptake or atmospheric CO2

removal introduced in this study, the respective CO2 uptake efficiencies are not consistent. In the following, we will discuss

the reasons for the different results and provide recommendations in which context the different metrics might still be applied.

In contrast to other modelling studies addressing CO2 uptake efficiency (Burt et al., 2021; He and Tyka, 2023; Tyka, 2025,235

e.g.), our model simulations are performed with a fully coupled ocean-land-atmosphere Earth system. In simulations without

carbon coupling, i.e. with prescribed atmospheric CO2 concentrations, all changes in alkalinity and DIC in the ocean are a

direct result of OAE. With identical atmospheric CO2 and hence identical climate, internal variability the baseline simulation

and the OAE experiment would be identical apart from biogeochemical differences in the ocean (Schwinger et al., 2024). In a

dynamically coupled climate model where atmospheric CO2 responds to air-sea fluxes of CO2 at the ocean surface, the addition240

of alkalinity enhances the draw-down of CO2 from the atmosphere to the ocean. Some of that CO2 can be emitted in other

places when the water mass re-equilibrates with the atmosphere due to, e.g., changes in water temperature (Müller et al., 2025).

Additionally, the reduction of global atmospheric CO2 concentration can lead to changes in the air-sea and air-land fluxes all
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over the globe (vlg. global change in land-air flux and sea-air flux of OAE simulations relative to BASE in Fig. S6; Keller

et al., 2014, 2018; Schwinger et al., 2024).245

While the feedbacks in coupled ocean-atmosphere systems and associated back-fluxes have been discussed and explained

(Keller et al., 2014, 2018; Schwinger et al., 2024), our study reveals that these feedbacks can lead to phase shifts in the internal

variability of the climate system. As has been shown in section 3.1, the phase shifts can be so substantial that the resulting effect

on the global ocean DIC inventory may exceed the OAE-induced signal related to even relatively large amplitude regional

OAE. This introduces additional uncertainty when referencing OAE impacts against a reference simulation (BASE) on annual250

to decadal timescales. For realistic, if on the higher end, amounts of alkalinity additions to the ocean, as applied in this

study, on a timescale of 25 years feedback effects within the climate system are larger than the OAE signal in the carbon

sequestration through DIC. Therefore, the global ocean budget changes in alkalinity and DIC are not a practical choice for

efficiency calculations for regional OAE applications in an Earth system model that includes carbon-climate feedbacks and, by

inference, in reality. However, it remains a useful quantity when applied to simulations without carbon coupling or when it can255

be shown that the effects of OAE are much greater than the internal variability.

When only the deployment region is considered for the calculation of changes in ocean alkalinity and DIC, the mean carbon

uptake is underestimated (Fig. 7, yellow bar). This is caused by a combination of a long equilibration time, a short residence

time of the alkalised water mass in the deployment region, and a small surface area at the coast. Because of the export of freshly

DIC-enriched water out of the region, only a small portion of the total OAE-induced carbon uptake is accounted for by this260

regional approach (Fig. 4a). Accordingly, the calculated uptake efficiency with values between 0.16 and 0.53 underestimated

the actual efficiency. The highest efficiency is calculated for the EU simulation, because the inclusion of the total European

coast, on account of being deployment area, accounts for at least some of the lateral transport of the alkalised water along

the Coast. In the other OAE simulations, the water mass would at that point leave the deployment region, and the DIC and

Alkalinity contained therein is lost for the efficiency calculation. While the restriction of the calculation of ∆ALK and ∆DIC265

to the deployment region underestimates the CO2 uptake efficiency in our study, this criterion might still be applied, when

OAE is deployed over a larger area and when export pathways are considered.

To account for the export of alkalised water, we apply a threshold approach to the surface alkalinity concentration changes

between the OAE simulations and the reference simulation BASE to track the added alkalinity. The choice of threshold strongly

affects the area included in the efficiency calculation and the ascertained carbon uptake efficiencies (Fig. 7, blue bars). He and270

Tyka (2023) showed the impact of general circulation patterns like coastal currents or downwelling, as well as atmospheric

dynamics on the distribution and efficiency of OAE, which also need to be considered for threshold selection. Our results

showed that for low thresholds, large parts of the Atlantic Ocean are included in the calculation, even if it is physically

impossible for the alkalised water mass to reach that far within the simulated time frame. The high temporal variability in

some regions in the North Sea and along the Norwegian coast also have an effect on the threshold selection, calling for higher275

thresholds than in regions with low temporal variability like the coasts of France or Ireland. The selection of an appropriate

threshold results in an area that more closely resembles the expected plume shaped distribution of the alkalised water mass.

While this method still can not track the total amount of the added alkalinity, it comes closer than constraining the model to
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Figure 7. Mean CO2 uptake efficiencies for different metrics and areas.

the deployment region. Water that leaves the surface area identified by the threshold criterion by moving below the surface is

not tracked, which potentially underestimates the OAE induced changes in DIC.280

Although the added alkalinity is generally more concentrated in the coastal deployment zones, the associated CO2 uptake

efficiency is lower there than when the plume is followed further offshore. The elevated alkalinity in the deployment area

reduces seawater pCO2, but the water’s residence time in these coastal regions is too short to reach full equilibrium. As a

result, a substantial portion of the CO2 uptake occurs outside the original deployment areas (He and Tyka, 2023; Suselj et al.,

2025), and the efficiencies computed for the threshold-defined alkalinity plumes are higher than those obtained when only the285

coastal deployment regions with elevated alkalinity are considered.

The calculation of efficiency via cumulative regional air-sea CO2 flux differences has the advantage of capturing the cumula-

tive CDR effect and naturally smooths temporal variability. Similar to ocean DIC, changes in the carbon flux through the ocean

surface are affected by biological and chemical processes in the ocean. The effects of biological activity and its distribution in

the ocean on pCO2 introduce a factor of uncertainty. The use of ALKADD instead of ∆ALK in the selected regions also has290

the advantage of removing the direct impact of the internal variability of the alkalinity in the equation, however, uncertainties

in the air-sea CO2 flux remain. Some areas like the subtropical Atlantic off the coast of Africa show high temporal variability

and are close enough to the deployment region to be included in the plume tracking (EU, SP & PT in Fig. S4). In this particular

case, the distribution of alkalised coastal water intersects with the Eastern North Atlantic Upwelling System, which extends

along northwestern coast of Africa to the Atlantic coast of the Iberian Peninsula (Gómez-Gesteira et al., 2008). The upwelling295

of cold, nutrient-rich water fuels intense biological activity near the coast with strong interannual variability in meso-scale

instabilities modulating the spatial distribution (Chavez and Messié, 2009; Lovecchio et al., 2017, 2018). Therefore, the ap-
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plication of OAE in or near upwelling systems needs to be carefully considered with regard to monitoring and attribution of

carbon uptake.

To further reduce uncertainties from variability of the surface alkalinity and biological activity, a combination of the two300

plume tracking mechanisms has been applied. The resulting area only includes regions where an increase in surface alkalinity

leads to a significant increase in carbon uptake by the ocean. This method allows the exclusion of areas with high alkalinity

increase but no additional carbon uptake, as well as regions with stronger carbon uptake but no change in surface alkalinity

and therefore not caused by OAE. When the CO2 uptake efficiency is calculated based on the cumulative carbon flux in

the resulting regions, the mean efficiency shows a stronger dependency on the alkalinity threshold than if only the threshold305

criterion is applied (Fig. 7, green bars). When the efficiency is calculated based on ∆DIC and ∆ALK (Fig. 7, red bars), the

threshold dependency is smaller in most OAE simulations because, while alkalised water masses can still be excluded from the

detected area, parts of the accumulated carbon in this water mass is excluded as well, partially balancing the alkalinity loss.

The combined plume areas criterion is the most robust method of the ones applied in this study to track the alkalised water

mass, as it reduces the two largest sources of uncertainty. However, the threshold selection for the change in surface alkalinity310

concentration still needs to be considered in regard to natural variability and independently for each deployment region.

The atmospheric concentration of CO2 is the part of the climate system that any method of carbon dioxide removal needs to

target. A method that has been proposed to calculate the uptake efficiency is based on the change in CO2 concentration relative

to the added alkalinity (Jeltsch-Thömmes et al., 2025; Grosselindemann et al., 2026). This would allow a direct assessment of

the impact of OAE or other CDR methods on the climate. However, the total amount of atmospheric carbon removal caused315

by regional coastal-European OAE is, on annual to multi-decadal timescales not discernible from changes in the atmospheric

CO2 concentration caused by changing climate patterns. This result is similar to the approach of measuring the global oceanic

DIC increase, while atmospheric CO2 is additionally affected by fluctuating terrestrial carbon fluxes, such as the temporary

weakening of the land carbon sink during El Niño, which is much larger on the simulated time scales than the effect of OAE,

obscuring the additional uptake of carbon by the ocean (Bastos et al., 2018). On such timescales, changes in atmospheric320

CO2 concentration are therefore not a sensitive measure for OAE efficiency, neither in fully coupled Earth system models as

used here, nor in the real world. Similarly to the efficiency metric based on global-ocean ∆DIC, this metric can be applied to

simulations without carbon feedback that avoid changes in the climate system, or that have very large alkalinity additions for

many decades (Keller et al., 2018; Jeltsch-Thömmes et al., 2025).

Lastly, the application of OAE in an SSP3-7.0 emission scenario is not ideal because OAE only makes sense in a climate-325

policy view, when the large majority of current emissions have been reduced and OAE and other CDR methods have a chance

to compensate for the hard-to-abate residual emissions. The effects of phase shifts in internal climate modes on air-sea CO2

fluxes and associated changes in atmospheric and oceanic carbon inventories can for many years to decades be larger than

the CO2 fluxes into the ocean brought about by even relatively large regional OAE deployment (e.g. EU). Therefore, it is not

surprising that the effects of regional OAE on global CO2 concentrations are rather small and any impact on the climate system330

in the current SSP3-7.0 emission scenario will only become visible after many decades.
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5 Conclusions

In this study, we compared multiple approaches to calculate the CO2 uptake efficiency for regional ocean alkalinity enhance-

ment (OAE) using an Earth system model with additions of alkalinity of potentially realistic and feasible amounts along

European coasts.335

Previous studies have applied the metrics presented in this study in a model setting without a fully interactive carbon system,

so related feedbacks where not relevant for the interpretation of the metrics (Burt et al., 2021; He and Tyka, 2023; Nagwekar

et al., 2024). Alternatively, very large quantities of alkalinity are added to the ocean that have a larger impact on the carbon

system than any feedback effects (Jeltsch-Thömmes et al., 2025). We showed that for smaller amounts of OAE that are closer to

practical implementation, several commonly used methods for determining CO2 uptake efficiency are not suitable. Calculating340

the efficiency based on global inventory changes of alkalinity and DIC is affected strongly by shifts in the climate system, while

internal variability of the surface ocean lead to biases when tracking the distribution of the added alkalinity or the OAE-induced

strengthening of the air-sea CO2 flux. The choice of metric therefore needs to be considered carefully for each experiment based

on (i) the local ocean conditions in the deployment region, (ii) the temporal variability of the surface alkalinity and air-sea CO2

flux, and (iii) to possible impacts on global climate modes such as El Niño.345

However, a full quantitative comparison of these metrics is not possible within the present model setup. Such an assessment

would require dedicated tracers for added alkalinity and the associated DIC changes in order to better isolate the OAE signal

from background variability and secondary climate effects. These tracers are planned for in future simulations and will provide

a stronger basis for evaluating the performance of the different metrics. In addition, ensemble simulations will be needed to

better constrain the signal-to-noise ratio and to assess the robustness of the diagnosed efficiency. Together, these developments350

will help to determine which metric provides the most reliable criterion for realistic OAE applications under which conditions

or for which regions.

Generally, OAE experiments in Earth system modelling encounter similar uncertainties as real-world applications such as

interannual variability and feedback effects. However, there is no "second Earth" as a counterfactual in field experiments.

Although modelling makes it possible to introduce tracers to follow the impacts of OAE, this study deliberately avoided using355

extra tracers for the added alkalinity and OAE-driven carbon uptake, in order to better illustrate both the potential and the

challenges of employing Earth system models for monitoring, reporting and verification (MRV).

Although alkalinity and DIC are principally straightforward to measure, it is technically not possible to have global data

coverage for both parameters on temporal and/or spatial resolutions that allow for comparison to global inventory changes in

models (and as we have shown, the usage of global inventory changes is limited in its usefulness). Plume tracking is more360

feasible in terms of comparability to measurements because the alkalised water plume covers a much smaller area, however,

the potential to over- or underestimate the efficiency is high. In contrast to global budgeting of DIC and alkalinity changes, this

method would allow a spatially resolved comparison between modelling results and monitoring of experimental setups. The

measurement of air-sea CO2 fluxes through the ocean surface is technically possible, but for long term application, constant

monitoring would be required. And while this method seems to be the most robust for regional OAE in Earth system modelling,365
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it is not necessarily the best metric in real-world applications. In contrast to ocean DIC, the integrated carbon flux into the ocean

only represents the additional uptake of carbon at a given time while the change in DIC represents the net change, including

carbon gain and loss through the surface and biological processes in the ocean’s interior.

The spreading area of the alkalised water does not consider boundaries between countries, but the addition of alkalinity in

the coastal waters of one country might affect the potential for OAE of its neighbours (He and Tyka, 2023). It is therefore370

important to know and track the distribution patterns of the affected water masses to avoid potential conflicts.
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