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ABSTRACT6

Marine carbon dioxide removal (mCDR) approaches such as Ocean Alkalinity Enhancement (OAE) and Direct Ocean Removal

(DOR) are necessarily evaluated using ocean models, yet uncertainties in model predictions remain poorly understood.

Here, we use a one-dimensional ocean model to investigate the controls on uncertainty in atmospheric CO2 drawdown in an

abiotic system. We show that, within the first few years after deployment, estimates of carbon removal are highly sensitive to

mixed-layer physical and biogeochemical properties, while longer-term uncertainties are dominated by vertical mixing, air–sea

gas exchange and the depth of the initial deployment. Using a Monte Carlo framework, we demonstrate that uncertainty in

carbon drawdown can persist for decades when transport into the ocean interior occurs on timescales comparable to or faster

than air–sea equilibration. These results identify a fundamental challenge for regional and global mCDR simulations, where the

governing physical processes are often poorly constrained and subject to substantial spatial and temporal biases. Critically,

uncertainty in the time evolution of carbon removal leads directly to uncertainty in the timing of net neutrality, with important

consequences for monitoring, verification, and carbon crediting frameworks.

7

1 Introduction8

The sequestration of atmospheric carbon dioxide in the ocean has received increasing attention over the past few years, with9

a series of National Academies of Science reports urging research into the risks, benefits and scalability of Carbon Dioxide10

Removal (CDR) in order to meet the warming threshold of 2◦C prescribed by the Paris Agreement [1, 2, 3]. Emission cuts11

remain vital, however it is increasingly recognized that legacy CO2 will remain in the atmosphere for many years, leading12

to ongoing warming unless actions are taken to remove it. Two marine Carbon Dioxide Removal (mCDR) techniques under13

consideration are Ocean Alkalinity Enhancement (OAE) or Direct Ocean Removal (DOR), both of which rely on reducing the14

partial pressure of carbon dioxide in the surface ocean leading to the drawdown of atmospheric CO2 into the ocean [4, 5].15

The atmospheric carbon dioxide removed by a given intervention increases in time as the water comes into equilibrium with16

the atmosphere via the process of air-sea gas exchange. At equilibrium, the theoretical maximum CDR has been achieved, with17

stoichiometric calculations for OAE of around 0.8 mol of CO2 per mol of added alkalinity [5]. However, it can take years to18

decades for full equilibration, with the time-evolution of CDR depending sensitively on the rate of loss of an OAE or DOR19

intervention from the mixed layer compared to the rate of air-sea gas exchange [6, 7].20

Given the difficulties associated with direct measurements of carbon dioxide drawdown over the large space and time21

scales associated with air-sea gas exchange, the use of ocean models for quantifying carbon drawdown associated with a given22

intervention seem unavoidable [8, 9]. However, understanding the sensitivities of CDR calculations to uncertainties in the ocean23

state is hindered by the complexity of the models that we use. Ocean models comprise coupled fluid dynamical, geochemical24

and biological components that represent the myriad complex processes that determine the ocean state. While some aspects25

are modelled directly from first principles, many components are necessarily parameterized due to computational expense26

(e.g. turbulent mixing) or complexity (e.g. biology). Still other aspects are simply not modelled at all, with the underlying27

assumption that such processes do not affect the ocean state at scale.28

To date, uncertainties in CDR estimates have been derived from the intrinsic variability of global models [e.g. 10, 11],29

but such models often employ fixed parameterizations that, in effect, reduce the variability of a given parameter in the model30

compared to observations. For example, vertical mixing is often represented as a spatially and temporally constant eddy31

diffusivity, or the air-sea gas transfer coefficient is parameterized based only on wind speed. Bulk parameters in such models32

are tuned to best match large scale circulation patterns, such as the overturning circulation, with uncertain impacts on the33

advective and diffusive pathways of CDR tracers that are necessarily regionally localized. Accurately simulating tracers is34

non-trivial, as they are sensitive to both numerical methods and unresolved physical processes [12, 13], resulting in tracer35

pathways that are highly sensitive to model parameters. This study employs an abiotic reduced-complexity 1D model that36



enables a systematic examination of how uncertainties in the simulated ocean state affect the calculation. This model does not37

fully represent ocean dynamics, perhaps most importantly ignoring advective processes that can lead to subduction, outcropping38

and shear dispersion. However, it enables a rapid exploration of parameter space and a mechanistic understanding of vertical39

processes that can be used to better inform our understanding of sensitivities in realistic models, and can be used to prioritize40

validation metrics. Using a Monte Carlo approach and running over 1000 simulations, the distributions of CDR estimates as41

a function of time across an ensemble of model runs are developed, demonstrating how combined uncertainties in physical42

processes and watermass properties (specified here using ranges of observed natural variability) manifest as uncertainties in43

the calculation of CDR. Uncertainties in the time-evolution of CDR due to a specific intervention have implications for both44

the award of carbon credits, and the time-scale over which a it becomes carbon negative after accounting for the Life Cycle45

Analysis (LCA) carbon costs of producing and distributing the addition [e.g. 14]. As such, these results have implications for46

the Monitoring, Recording and Verification (MRV) of carbon drawdown due to OAE and DOR using ocean models, which47

relies on well quantified uncertainties.48

2 Results49

The 1D diffusion model evolves Total Alkalinity (TA) and Dissolved Inorganic Carbon (DIC), allowing for the air-sea gas50

exchange of CO2 to determine the flux of DIC at the surface (see Methods section for details). Here it is used to investigate the51

sensitivities in calculations of Carbon Dioxide Removal (CDR) due to an alkalinity enhancement intervention when modeled52

turbulent diffusion, air-sea gas exchange, and watermass properties are uncertain. CDR is calculated from pairs of model53

simulations, comprising both a baseline (control) and OAE/DOR (intervention) run. The Carbon Dioxide Removal (CDR) is54

defined as the difference in carbon uptake between the pair:55

CDR =Ui −Ub (1)

where Ui and Ub are the intervention and baseline uptakes, respectively. Sensitivities are then assessed by comparing Sensitivity56

simulations (with perturbed model parameters) to a Reference simulation (with mean model parameters). Changes in CDR57

between the sensitivity and reference simulation are captured in the CDR sensitivity ratio:58

rCDR(t) =
CDRsen(t)

CDRre f (t)
. (2)

2.1 Sensitivities of CDR estimates to biases in the modelled ocean state59

Perturbing individual model parameters by values consistent with observed variability (see Table 1) leads to CDR estimates that60

vary by up to a factor of two within the first few years after deployment of the intervention, dropping to differences of between61

10-20% between 20-50 years (Figure 1). CDR estimates are sensitive to different parameter uncertainties at different times62

following the intervention, in contrast to the uncertainties associated with the individual base and intervention simulations that63

contribute to the CDR estimate for whom uncertainties accumulate in time. This fundamental difference in behaviour can be64

attributed to the fact that in the CDR case, the end state – where the full water column is in equilibrium with the atmosphere –65

will be very similar for all model parameters as it is the theoretical maximum drawdown for a given intervention.66

The largest sensitivities tend to occur for most parameters within the first few years following an intervention, with67

changes that result in differences in the initial rate of air-sea gas exchange leading to the largest differences from the reference68

simulation. Air-sea gas exchange is determined by the initial DIC, TA, mixed layer depth, wind speed, gas transfer coefficient69

and deployment depth (Figure 1 b). Positive and negative perturbations of the background DIC and TA lead to CDR calculations70

that are almost double and half that of the baseline at the start of the simulation (Figure 1 b, red and black lines), while wind71

speeds, gas transfer coefficients and mixed layer depths contribute about 50% uncertainty. However, uncertainties arising from72

these parameters diminish in time, while those associated with pycnocline diffusivity (κpyc), wind speed and the gas transfer73

coefficient (cyan dashed lines, cyan solid lines, green dashed lines, magenta dashed lines) become increasingly important.74

These parameters relate to the interplay between uptake of atmospheric CO2 compared to the rate at which TA and DIC are75

drawn down into the deep ocean. In particular, when pycnocline diffusivity is uncertain by an order of magnitude (a value that76

is within observed variability and model uncertainties; [15, 16]), uncertainties in CDR peak to up to 30% 2-3 years after the77

OAE addition. By the end of the simulation, the largest sensitivities in the CDR calculation come from deployment depth,78

pycnocline diffusivity, wind speed, the gas transfer coefficient and temperature.79

Broadly speaking, sensitivites in the calculation can be considered to arise through three main processes. The first relates to80

changes in carbonate system buffering associated with changes in background alkalinity, DIC, temperature and salinity. These81

effects are most important for determining the change in surface pCO2 associated with an intervention (and thus air-sea gas82

exchange) and for determining the theoretical maximum CDR for a given alkalinity addition [5]. The former of these processes83

is significant at early times, but overall this sensitivity at long times is limited by the range of variability in the theoretical84
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Figure 1. (A) CDR sensitivities due to OAE intervention in a 2000m deep ocean. Thin solid blue line is the Reference
simulation, colours are Sensitivity simulations. Thin lines are positive perturbations to the background parameter, and thick
lines are negative perturbations. (B) is as (A), but with the CDR curve of each sensitivity simulation normalized by that of the
Reference simulation. Inset is as for (B) but zoomed in to better show sensitivities at late times. Note the logarithmic time axis
to better distinguish the curves.

maximum efficiency in the global ocean, which amounts to only a few percent. The second set of sensitivities arise from the85

physical exchange of CO2 with the atmosphere, and the downward transport of unequilibrated alkalinity into the deep ocean by86

turbulent mixing. Finally, CDR is strongly negatively affected by the deployment of alkalinity within or below the pycnocline,87

as illustrated by the sensitivity to the parameter Zdepl . This emphasizes the importance of outfall considerations to ensure that88

alkalinity is deployed in a manner that it is initialized in the surface ocean.89

The sensitivity of CDR estimates to interior mixing and air-sea flux can be understood in terms of the relative timescales90

associated with these processes. For a box at the surface of the ocean that experiences no vertical mixing with the ocean below,91

the equilibration of CO2 in the box follows an exponential function with the timescale for exchange given by92

τair−sea =
HMLI

kgR
. (3)

where I is the ionization ratio, and R is the Revelle buffer factor [17]. This expression assumes linearized carbonate chemistry93

and has been widely used in the literature [e.g. 18]. In the interior, the timescale for alkalinity to mix into the deep ocean can94

approximately be represented by an exponential in time, with the timescale given by95

τmix =
HMLhp(D−HML)

Dκpyc

(4)

where D is the ocean depth, and hp is the thickness of the pycnocline (see Appendix C for a derivation).96

With these timescales in mind, three characteristic temporal regimes can be defined.97

1. Initial rapid-equilibration (t ≪ τmix): At early times before alkalinity is lost from the mixed layer, the uptake in each of98

the CDR pair simulations roughly follows an exponential with a timescale given by τair−sea (eq. 3). Estimates of CDR99

during this period are sensitive to uncertainties in the parameters that determine this timescale, i.e. R, I, HML and kg, as100

they lead to differences in this timescale between the reference and sensitivity simulations that manifests as large changes101

in the initial uptake.102

103

2. Alkalinity loss from the mixed layer (t ≈ τmix): At this time, vertical mixing has removed a significant fraction of the104

alkalinity from the surface layer into the lower layer. As the initial air-sea equilibration is roughly exponential in time, the105

fraction of alkalinity that has equilibrated with the atmosphere roughly follows exp(−τmix/τair−sea), with higher CDR106

efficiencies having been achieved for larger values of the argument. Estimates of CDR at this time are predicted to be107

sensitive to all of the parameters appearing in equations 4 and 3, however for the simulations presented here, the largest108
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CDR sensitivities are associated with κ and kg as the uncertainties on these values have the largest magnitude.109

110

3. Deep mixing (t ≫ τmix): For large times, alkalinity becomes mixed throughout the depth of the ocean. A vertical gradient111

in DIC arises through equilibration of the upper ocean with the atmosphere, but it is gradually reduced by mixing, which112

also brings deep, unequilibrated alkalized waters back up to the surface where it equilibrates. It is this slow process of113

equilibration of the deep, unequilibrated waters that leads to parameter sensitivities in CDR that exist for many decades,114

with magnitudes that are particularly significant for uncertainties in pycnocline diffusivity and the gas transfer coefficient.115

Thus, uncertainty in pycnocline diffusivity impacts estimates of CDR in two ways: first, it determines the fraction of116

equilibrated alkalinity before it mixes into the deep ocean, and secondly it determines the rate at which the deep unequilibrated117

alkalinity mixes back into the surface layer. As such it plays a role in both the magnitude and longevity of CDR uncertainties.118

2.2 Combining uncertainties119

To assess how simultaneous model biases could combine to produce a final uncertainty in the estimated CDR, a Monte120

Carlo approach is employed. The simulations demonstrate that – as for the sensitivity simulations of the previous section –121

uncertainties in CDR estimates are maximal within the first few years after deployment during the initial rapid-equilibration122

phase, where sensitivities to both carbonate system and physical parameters affect the calculation. Uncertainties are determined123

from these ensembles by quantifying the spread of estimates at a given time post deployment (Fig 3). The distribution of124

CDR estimates by members of the ensemble after two years is almost uniform, with some estimates of the CDR being almost125

zero, while other ensemble members estimate values 50% greater than the reference simulation (Figure 3a). This behaviour is126

captured in ε20, which shows that more than 80% of ensemble members estimate CDR that is more than 20% discrepant with127

the Reference simulation during this period (Figure 3 b). After this period, however, the uncertainties drop off rapidly, with ε20128

decreasing from around 0.8 to 0.4 within five of years of deployment. Subsequently, the range of uncertainties narrows further129

at a slower rate, as the full water column comes into equilibrium with the atmosphere.130

Figure 2. Monte Carlo ensemble CDR estimates over time in a 2000m deep ocean. Blue line is the CDR curve for the
Reference simulation. Red lines indicate the times used to construct the uncertainty probability distribution functions in Figure
3. Black dashed line is at 50% total CDR, used to estimate the times to net neutrality in Section 4.

An identical ensemble simulation performed in a 200 m deep ocean exhibits similar behaviour (Figure 3 b). Uncertainty131

evolution in the first phase of equilibration where only mixed layer properties and the gas transfer coefficient determine carbon132

drawdown are identical. At later times, however, the shallower ensemble has markedly reduced uncertainties compared to the133

deeper ensemble, as for most parameter values the entire water column is able to come into equilibrium within the 50 year134

simulation duration.135
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Figure 3. Monte Carlo uncertainties in CDR estimates over time. a) Probability distribution of the CDR associated with each
ensemble member normalized by the Reference simulation (rCDR) 2, 5, 20 and 50 years since deployment in a 2000m deep
water column. b) Fraction of simulations with more than 20% difference in CDR compared to Reference simulation as a
function of time for 2000 m deep (black line) and 200 m deep (red line) ensembles.

For deployments within the mixed layer, CDR estimates across the ensembles are strongly correlated with pycnocline136

diffusivity and wind speed, with higher estimates of CDR associated with ensemble members that have lower pycnocline137

diffusivities and higher wind speeds. The distribution of rCDR as a function of exp(− τmix
τair−sea

), shown in Figure 4, demonstrates138

that when the mixing timescale is much longer than the air-sea gas exchange timescale, rCDR converges to 1 rapidly and the139

water column comes into equilibrium relatively fast with low uncertainties at early times. However, when the mixing timescale140

is much shorter than the air-sea gas exchange timescale, rCDR converges very slowly, maintaining large uncertainties for many141

decades after deployment. In the latter case, a significant fraction of the intervention is lost from the mixed layer at early times,142

and the timescale for those unequilibrated waters to resurface and equilibrate adds further sensitivities to interior mixing and143

air-sea gas exchange.144

Finally, as for the sensitivity simulations, our Monte Carlo ensembles demonstrate the sensitivity of the overall efficiency of145

CDR on the deployment depth of the intervention (small dots, Figure 4). In all of these simulations, the initial deployment146

is no deeper than 100 m below the mixed layer, with most well within 50 m (see Fig 6), yet many of the CDR estimates147

associated with those deep deployments are significantly below the reference simulation even 50 years after deployment. Such148

deployments are both highly uncertain and highly inefficient.149

3 Time to net neutrality150

Though CDR estimates are expected to eventually converge on the theoretical maximum, the time taken to reach equilibrium151

can vary from a few years to many decades. This is particularly important when accounting for the Life Cycle Assessment152

(LCA) of a given CDR technology, as the equilibration time affects the time taken for a given intervention to become net carbon153

negative.154

The time taken for a given deployment to become net carbon-negative depends on the time evolution of the CDR and the155

carbon cost of the deployment. [19] estimate that spreading 1.321 tCO2 of Ca(OH)2 in the ocean has the potential to uptake 1 t156

of CO2, with a carbon penalty of 449 kg CO2eq. Thus, for a nominal carbon cost of around 50% (or 0.8 mol/m2 per 1.6 mol/m2
157

of CO2 removed), the parameters used in the reference simulations estimate a time to net-neutrality to be around 1.4 years (red158

line, Figure 5). However, the range of estimates of this time is large, with about 30% of the ensemble estimating the time to net159

neutrality to be under a year, and 50% of the ensemble estimating it to be longer than 2 years. Around 4% of the ensemble160

estimate the time to net neutrality to be longer than 50 years. The long tail in this distribution is associated with simulations161

wherein either the intervention was deployed below the mixed layer, or the intervention was mixed below the mixed layer162

before it could come into equilibrium with the atmosphere.163
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Figure 4. The distribution of CDR sensitivity ratio, rCDR, after 5 and 50 years of integration is largely determined by the
amount of equilibration that occurred during the rapid-equilibration phase. For members of the ensemble with low values of
exp(−τmix/τair−sea) (green box), rCDR is close to one, indicating that all members of the ensemble have similar values and the
water column is in equilibrium with the atmosphere. However, for members of the ensemble with high values of
exp(−τmix/τair−sea) (yellow box), rCDR is poorly constrained, with a wide distribution of values that depend on specific model
parameters. Small dots (purple box) indicate ensemble members where alkalinity was added below the mixed layer by no more
than 100 m (see Fig 6).

Figure 5. Distribution of estimates from the 2000 m deep Monte Carlo simulation of the time to net carbon neutrality
assuming a 50% carbon cost (see black dashed line in Figure 2).
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4 Discussion164

The 1D model captures the interactions of vertical mixing, air-sea gas exchange and the carbonate system, elements that165

have already been demonstrated to be of central relevance to the uptake of carbon dioxide by mCDR interventions [7].166

While uncertainties in the physical and biogeochemical water mass properties lead to large sensitivities in the first few years,167

uncertainties in interior diffusivity and the gas transfer coefficient can lead to uncertainties in CDR that can persist for decades,168

highlighting the importance of validating water mass properties, mixing and air-sea gas exchange in ocean models to be169

used for CDR. On the same timescales over which turbulent diffusion occurs, watermasses in the ocean advect, subduct170

and outcrop. These processes and their associated uncertainties are not represented here, but it is expected that they would171

contribute significant additional uncertainties over periods of years to decades, as the Lagrangian pathways traversed by172

fluid parcels are sensitive to model parameters such as resolution [20]. In particular, subduction will play an equivalent173

role to diffusivity, removing surface waters from contact with the atmosphere and contributing to uncertainties when air-sea174

equilibration timescales are long compared to subduction timescales.175

In general, interior mixing and air-sea gas exchange are poorly constrained in ocean models. Both processes are pre-176

dominantly determined by turbulence, which occurs in the ocean at scales of centimeters to meters. As such, the effects of177

turbulence are always parameterized and are subject to considerable uncertainty [21], with known sensitivities for global climate178

projections [e.g. 22, 23, 24]. Even with explicit mixing parameterizations, validating model mixing is challenging as some grid179

scale variance is removed by numerical truncation errors that are hard to quantify, and ocean measurements are hampered both180

by the intermittency that characterizes turbulent processes, and the specialized platforms that are required. As a result, it is181

difficult to know how accurately mixing is represented in a model using direct metrics. However, a comparison of estimates182

from the data assimilating state estimate ECCO product to observationally derived estimates demonstrated large (order of183

magnitude) differences in both the magnitude and vertical structure of turbulent diffusivities [16].184

Gas transfer coefficients for air-sea gas exchange are similarly uncertain. The gas transfer coefficient sets the rate of185

atmosphere-ocean exchange for a given disequilibrium, and it fundamentally depends on the rate of renewal of the surface186

microlayer by near-surface turbulence [25] and the injection of bubbles by breaking waves [26]. The generation of such187

processes is highly complex, and as such, bulk parameterizations that depend only on wind speed, such as that used here and188

most commonly in ocean models, exhibit wide scatter and uncertainty in the exact value of gas transfer coefficient for a given189

wind speed [27]. Though regional biases arising from incomplete physics might broadly cancel out when considering global190

simulations, for CDR estimates in given locations, these biases can strongly affect the results leading to large uncertainties for a191

given intervention.192

Finally, model representations of the carbonate system are known to be biased with respect to observational products, often193

arising as a result of weak physical exchange between the deep and surface ocean [28]. [29] demonstrate regional biases in194

alkalinity of 100 umol/kg between CMIP 5/6 simulations compared to the observationally derived GLODAPv2. The effects of195

such biases on OAE have been considered by [30], who estimates that initial pCO2 reduction associated with OAE could be196

overestimated by up to 13%. These errors in the initial pCO2 deficit due to an OAE intervention lead to the large uncertainties197

in the CDR estimate in the first few years shown in this work.198

Without constraints, the combination of such global and regional model inaccuracies has the potential to lead to large199

uncertainties in CDR estimates made by the current generation of ocean models. In addition to those explicitly considered in200

the abiotic model presented here, further uncertainties may arise when considering the incomplete dissolution of an alkaline201

feedstock, wherein a fraction of what was added may sink to the seabed, or when considering the biological impacts of OAE202

that may alter alkalinity in the ocean.203

This study is limited by the independent statistical representation of parameter uncertainties that, in reality, are coupled204

via underlying ocean dynamics. For example, high winds, which enhance air-sea gas exchange, also tend to generate cooler205

surface temperatures and large pycnocline diffusivities through shear-driven turbulence. The coupling of uncertainties deserves206

further exploration in future studies. Despite its limitations, the model has demonstrated that uncertainties in CDR calculations207

arising only from abiotic processes are significant, and warrants serious further investigation as this affects the quality of carbon208

credits that can be attributed to OAE or DOC interventions. Only by accounting for all such uncertainties can we ensure that209

interventions receiving carbon credits are genuinely carbon negative on timescales of years rather than decades.210
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5 Methods211

Two tracers are considered: Dissolved Inorganic Carbon (DIC, C = [CO∗
2]+ [HCO−

3 ]+ [CO2−
3 ] mol m−3); and Total Alkalinity212

(A, mol m−3). The tracers are assumed to obey the 1D diffusion equation:213

∂C

∂ t
=

∂

∂ z

(

κ
∂C

∂ z

)

∂ A

∂ t
=

∂

∂ z

(

κ
∂ A

∂ z

)

(5)

with κ(z) representing the turbulent diffusivity of the tracers. Flux boundary conditions are applied to ensure that a) there is no214

flux of alkalinity into or out of the domain; b) there is no flux of DIC out of the bottom of the domain, and c) the flux of DIC at215

the surface is determined by FC, which arises from air-sea gas exchange of CO2:216

∂C

∂ z

∣

∣

∣

∣

z=−h

= 0
∂C

∂ z

∣

∣

∣

∣

z=0

= FC

∂ A

∂ z

∣

∣

∣

∣

z=−h

= 0
∂ A

∂ z

∣

∣

∣

∣

z=0

= 0. (6)

Air-sea flux is represented as217

FC =
FpCO2

ρ0
=

1

ρ0
kgk0∆pCO2 (7)

where kg is the gas transfer coefficient and k0 is the solubility. Solubility is dependent on temperature and salinity, and is218

represented using the experimentally-derived parameters and expression in [31]. As is most commonly used in ocean models,219

the gas transfer coefficient is parameterized with a quadratic dependence on 10m wind speed,220

kg = 0.251 <U2 >

(

Sc

660

)−0.5

(8)

[32, 33]. Sc is the temperature-dependent Schmidt number, defined as the kinematic viscosity of the water divided by the221

diffusion coefficient of the gas. For CO2 it takes a value of 668 at 20◦C.222

With initial conditions and model parameters as described below, equations 5 are integrated forwards in time. FC is223

re-calculated at each timestep using values of pCO2 computed at the surface assuming equilibrium chemistry [34].224

The carbon uptake in each simulation is calculated as the time integral of the air-sea flux:225

U =
∫ t

FC(C(0, t ′),A(0, t ′))dt ′. (9)

The numerical accuracy of the solution is confirmed by comparison to the depth integrated DIC, which, for the simulations226

presented in this paper is always within a few percent. The timestep is restricted so that the change in DIC during any given227

timestep does not result in a change in surface pCO2 such that the sign of the air-sea flux changes. In practice this simply limits228

the magnitude of the initial disequilibrium between the atmosphere and ocean.229

Initial conditions are prescribed for C(z) and A(z) with parameters as in Table 1 and functional forms described in Appendix230

A. Initial intervention profiles for A(z) are defined by deployment depth (zdepl), which specifies the deepest depth of the231

deployment. Concentration profiles are uniform to the surface if the deployment depth is within the mixed layer, or within a232

layer of thickness 60 m if below the mixed layer. All intervention simulations have identical total alkalinity additions.233

Model parameters such as mixed layer salinity (SML), mixed layer temperature (TML), atmospheric partial pressure (pCO2),234

diffusivity (κ), gas transfer coefficient (kg) and mixed layer depth (HML) vary between simulations but are fixed in time (in235

a more complex model they could be updated by physics or chemistry that is not simulated here). Deployment depth (zdepl)236

sets the initial condition of the intervention simulation, and this sensitivity attempts to capture the effects of near-field dosing237

processes, including particle dissolution dynamics, mixing and subduction. Such processes can result in some or all of the238

intervention being deployed beneath the surface layer (e.g. in the case of a subsurface outfall, negatively buoyant plume or the239

slow dissolution of negatively buoyant alkaline particles).240

The following naming convention is used for the simulations:241

• A Baseline Simulation is a single simulation performed without an OAE/DOR addition, from which Ub is computed.242
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• An Intervention Simulation is a single simulation performed with an intervention, from which Ui is computed. For this243

paper the intervention is always OAE, with an additional 2.048 mol/m2 added as an initial condition (equivalent to a 100244

µmol/kg change in concentration in a 20 m deep mixed layer). The underlying processes described here are identical for245

both OAE and DOR.246

• The Reference Simulations are a pair of baseline and intervention simulations that use the reference model parameters,247

defined to be the values indicated in mean column of Table 1. CDRre f is calculated from this pair.248

• The Sensitivity Simulations are a series of pairs of baseline and intervention simulations that use the reference model249

parameters with positive or negative perturbations to a single parameter. Perturbations are chosen within the range of250

natural variability in the ocean at a given location. CDRsen is calculated from this pair. Changes in CDR between the251

sensitivity and reference simulation pairs indicates the sensitivity of the CDR estimate to the model bias in the perturbed252

parameter.253

A set of reference parameters are defined, along with statistical distributions that represent the uncertainty of that parameter in254

an ocean model. These distributions were chosen to represent the range of natural variability observed in the ocean at a given255

location. Uncertainties in atmospheric pressure, total alkalinity, dissolved inorganic carbon, temperature, salinity and wind256

speed are prescribed to be normally distributed, with means and standard deviations given in Table 1. Uncertainty in mixed257

layer depth and the logarithm of diffusivity is assumed to follow a Pearson Type 1 distribution, with non-zero kurtosis and258

skewness determining the asymmetry and tails of the distributions. The distribution of the gas transfer coefficient is derived259

from the combined uncertainties in wind speed, temperature and the gas transfer parameterization itself (see B). In general, the260

distributions have been chosen to approximately represent the variability in a given parameter at a fixed location, but additional261

justification for the distributions of the gas transfer coefficient and diffusivity are provided below.262

The diffusivity in the interior of the model is determined by the profile of κ(z), which represents the effects of turbulent263

mixing. Within the mixed layer it is fixed at 10−2 m2/s for all simulations, but the deep diffusivity is varied, in doing so changing264

the diffusivity at the pycnocline (see Fig 7b). Diffusivity is not a prognostic variable in ocean models, and its prescription across265

different models is varied. In some, such as MOM6, diffusivity is parameterized using closures such as KPP at the surface [35],266

and tidal/internal wave mixing models in the interior [e.g. 36]. In others, such as ECCO, diffusivity is tuned to both maintain267

numerical stability and reproduce certain aspects of the model simulation. In still others, such as some versions of CESM, it is268

parameterized in the surface and set to a constant value in the interior. Studies that compare modeled and observed diffusivities269

are few and far between, but those that do exist show significant differences [e.g. 16]. Observed turbulent diffusivities range270

between 10−6-10−2 m2/s throughout the global ocean [15], with a canonical value for pycnocline diffusivity of 10−5 m2/s271

[37, 38]. Diffusivities, as for other turbulent quantities, tend to be skew-log-normally distributed [39] and we assume such a272

distribution for deep diffusivities with a mean value of 10−5 m2/s, and a standard deviation of one order of magnitude.273

Observations indicate that the gas transfer coefficient varies throughout the global ocean with values between 0 - 150 cm/hr.274

Due to the convenience of measuring and inferring wind speed, the bulk parameterization (eq. 8) attributes a single value of275

gas transfer to a given wind speed [27], however, the parameters are derived from experiments that took place under diverse276

physical conditions, and as such there is a spread in the values that represent regional and temporal biases. The standard277

deviation in the gas transfer coefficient binned by wind speed increases with wind speed, with values of around 2 cm/hr at low278

wind speeds, and 24 cm/hr at high wind speeds (B). For simplicity, in this work we use a constant standard deviation of 4 cm/hr279

for all values of wind speed.280

Finally, wind speed appears as a parameter in this model only through the parameterization for the gas transfer coefficient,281

kg, though in reality one might expect wind speed to also affect the pycnocline diffusivity by increasing turbulent mixing in the282

upper ocean. The coupling between diffusivity and wind speed is complex and it is not represented here.283

5.1 Sensitivity Simulations284

To explore the sensitivity of the estimated CDR to each parameter in turn and determine a mechanistic understanding of the285

underlying processes, parameter perturbations are first considered in isolation. This results in 24 simulations corresponding to286

positive and negative perturbations of one standard deviation to the twelve parameters listed in Table 1. Deployment depth287

sensitivities are assessed differently, with the sensitivity simulations setting the deployment depth to 20 and 40 m below the288

mixed layer.289

As the full water column comes into equilibrium, the CDR sensitivity ratio, rCDR, will tend towards unity, however deviations290

from this equilibrium value are anticipated as properties such was water column temperature or background DIC alter the291

theoretical maximum CDR per unit alkalinity added, with typical values ranging between 0.8 and 0.95 [5]. This translates to a292

small percentage range of values for equilibrated rCDR in these simulations.293
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5.2 Monte Carlo Simulations294

The effects of simultaneous parameter uncertainties on the CDR calculation is explored using a Monte Carlo approach, wherein295

an ensemble of simulations comprising a baseline and intervention pair is run. Parameter biases across each pair are identical,296

and are selected at random from prescribed statistical distributions of each parameter and its uncertainty (Figure 6). Two297

ensembles are run with 200 and 2000 m deep domains to establish how uncertainties in the estimate of mCDR depend on ocean298

depth. Each ensemble has N = 1000 simulation pairs (baseline and intervention) that are integrated forwards in time for 50299

years with 10 hour timesteps. To investigate the evolution of uncertainties in the Monte-Carlo simulations, we define the metric300

ε20(t) =
1

N

N

∑
i=1

(|ri
CDR(t)−1|< 0.2), (10)

which captures the fraction of the ensemble within 20% of the reference run.301

Figure 6. Distributions for input parameters used in Monte Carlo simulations. Uncertainties in atmospheric partial pressure of
CO2 (pCO2), temperature (Temp), salinity (Salt) and initial concentrations of total alkalinity (TA) and dissolved inorganic
carbon (DIC) are assumed to be normally distributed with mean and standard deviations given by Table 1. Uncertainties in
mixed layer depth (MLD), the logarithm of diffusivity and the deployment depth with respect to the mixed layer depth are
described by a Pearson Type 1 distribution.
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Parameter Mean St. Dev. Skewness Kurtosis

Initial mixed layer TA (AML)
[µmol/kg]

2300 100 0 0

Initial mixed layer DIC (CML)
[µmol/kg]

2000 100 0 0

Initial deep TA (ADeep) [µmol/kg] 2300 100 0 0
Initial deep DIC (CDeep) [µmol/kg] 2000 100 0 0
Mixed layer temperature (TML) [C] 15 5 0 0

Mixed layer salinity (SML) [psu] 32 2 0 0
Atmospheric pCO2 (pCOatm

2 )
[µatm]

450 5 0 0

Deep diffusivity (log10 κdeep)
[log10(m2s−1)]

-5 1 0.9 4

10m Wind speed (uwind) [m/s] 6.4 2 0 0
Gas Transfer Coefficient (kg)

[cm/hr]
W14

f (uwind ,T,S)
4 0 0

Mixed Layer Depth (HML) [m] 60 20 1 4
Deployment Depth (zdepl) [m] 1.1*HML 20 1 4

302

Table 1. Distribution characteristics for model state estimates of variables in baseline simulations in 1D model. Intervention

simulations are identical to baseline simulations with an additional TA of 2.048×106 mol. Most parameters follow a Normal

distribution, with specified mean and standard deviations. Non-symmetric distributions are defined as Pearson Type 1

Distributions with mean, standard deviation, kurtosis and skewness. “Deployment depth” is the maximum depth of the

alkalinity addition, and its distribution is set such that around 50% of initial alkalinity additions have maximum depths just

below the mixed layer. “Reference” simulations use mean values, while “Sensitivity” simulations use variables plus or minus

one standard deviation, except for deployment depth sensitivities which set zdepl to 20 or 40m below the mixed layer . “Monte

Carlo” simulations draw variables at random from the distributions specified by this table.

A Vertical structure of initial profiles of DIC, alkalinity and diffusivity303

Initial DIC profiles are always uniform in depth. Initial TA profiles for baseline simulations are uniform in depth, while the304

intervention has a fixed additional mass of TA distributed either over the mixed layer (for deployment depths shallower than the305

mixed layer depth), or over a layer 60 m deep for deployments at a depth of zdepl (Fig 7a). Diffusivity profiles are defined:306

logκ =
∆ logκ

2
(tanh((z−HML)/4)+1)+ logκpyc (11)

where ∆ logκ = logκupper − logκdeep. κupper = 102 m2/s and is fixed for all runs, while the deep value varies according to the307

parameters defined in Table 1. An example profile for the Reference simulation is provided in Figure 7b.308

B Uncertainties in the gas transfer coefficient309

Using data from eight field experiments made available by [40], the standard deviation in the gas transfer coefficient for a given310

wind speed across all experiments is calculated in Figure 8. Variability in the gas transfer coefficient between each experiment311

arises from regional and seasonal effects, and this variability is more pronounced at higher wind speeds.312

C Derivation of the timescale for loss of modified waters from the mixed layer313

By averaging eqs 5 over the mixed layer and a deep layer, one can form a two-box model that evolves the averaged properties314

of TA and DIC in each box. In the case of alkalinity, the resulting governing equations are:315

∂ AML

∂ t
=−

1

HML

κpyc

AML −ADeep

hp

(12)

∂ ADeep

∂ t
=

1

(D−HML)
κpyc

AML −ADeep

hp

. (13)
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Figure 7. a) Example initial conditions for DIC (blue dashed) and TA (red: baseline; blacks/greys: perturbation). Black and
grey lines show initial TA in intervention simulation for TA deployed with the base 20m and 40m below the mixed layer. b)
Diffusivity profile for Reference simulations.

Figure 8. a) Hourly estimates (grey dots) of the gas transfer experiment are averaged for each experiment. b) The standard
deviation in estimates for a given wind speed across all experiments indicate the uncertainties.

where overlines indicate box average properties, κpyc is the diffusivity evaluated at the interface between the mixed layer and316

deep boxes (i.e. in the pycnocline), hp is the thickness of the pycnocline (set to 150 m) and D is the ocean depth.317

Subtracting the equation for deep alkalinity from mixed layer alkalinity, we define a new variable, γ = AML −ADeep to form318

the differential equation319

∂ γ

∂ t
=−γ

(

Dκpyc

HMLhp(D−HML)

)

. (14)

Solutions to this equation are exponential with a timescale τmix =
HMLhp(D−HML)

Dκpyc
.320
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