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Abstract18

Ocean-based carbon dioxide removal (CDR) relies on ocean models for measure-19

ment, reporting, and verification (MRV), because induced CO2 uptake spans basin scales20

and decades. Explicit calculations with coupled physics–biogeochemistry models are com-21

putationally expensive, because biogeochemical models carry many tracers and each CDR22

intervention must be simulated separately. We introduce a CDR tracer method that rep-23

resents each direct ocean removal (DOR) intervention by one passive tracer and each ocean24

alkalinity enhancement (OAE) intervention by two. Air–sea gas exchange is linearized25

using precomputed carbonate sensitivities, so that many interventions can be simulated26

in a single integration without a biogeochemical model. We evaluate the method against27

24 explicit calculations with a 12 km ROMS configuration coupled to the Marine Bio-28

geochemistry Library (MARBL), and reproduce all 1,380 explicit 1→ CESM/MARBL cal-29

culations of existing DOR and OAE e!ciency atlases in two CESM integrations. The30

CDR tracer method is 13.5–28→ faster than explicit calculations. Its relative errors in31

CDR e!ciency, predominantly positive owing to the linearization, peak shortly after in-32

tervention and then decay to less than 1% within a few years. In ROMS, peak errors reach33

2–8% for extreme interventions but stay below 1% for plausible ones; in CESM, they av-34

erage 3.5±2%. Larger local errors, including in pH estimates, arise only where extreme35

interventions accumulate in semi-enclosed passages. The computational savings enable36

large ensembles across deployment scenarios and ocean models. Combined with the op-37

tion to use carbonate sensitivities from di”erent biogeochemical models or observation-38

based products, these ensembles support uncertainty quantification for MRV.39

Plain Language Summary40

One way to remove carbon dioxide from the atmosphere is to adjust seawater chem-41

istry so that the ocean absorbs more CO2, by adding alkaline substances or extracting42

CO2 directly from seawater. Because this extra uptake is spread over large ocean areas43

and many years, it cannot be measured directly and has to be estimated with computer44

models of the ocean. Standard models of ocean biology and chemistry are computation-45

ally expensive. We develop a simpler method that tracks only the chemical changes caused46

by each intervention and calculates how quickly the ocean takes up CO2. Many inter-47

ventions can be simulated in a single model run. We test the method against more than48

1,400 detailed simulations in two di”erent ocean models. It reproduces the amount of49

CO2 taken up to within a few percent, and often within one percent, while being 14 to50

28 times cheaper to run. The errors are small compared to other uncertainties, such as51

di”erences between ocean models, and the saved computing power can be used to bet-52

ter understand these uncertainties.53

1 Introduction54

The Paris Agreement aims to limit global warming to well below 2→C and to pur-55

sue e”orts to limit it to 1.5→C. Warming is now expected to exceed 1.5→C, however, and56

returning below this level would require net-negative carbon dioxide (CO2) emissions (Reisinger57

et al., 2025; United Nations Environment Programme, 2026). This has motivated inter-58

est in carbon dioxide removal (CDR) strategies, which aim to actively remove CO2 from59

the atmosphere (IPCC, 2022). While CDR has been explored in terrestrial and indus-60

trial contexts for decades, ocean-based CDR has only recently gained more attention as61

a pathway to enhance oceanic uptake of atmospheric CO2 (Smith et al., 2024).62

At their core, all ocean-based CDR interventions seek to reduce the partial pres-63

sure of carbon dioxide (pCO2) in surface waters, thereby creating a deficit relative to the64

atmosphere that draws additional carbon dioxide into the ocean. Di”erent strategies achieve65

this pCO2 deficit in distinct ways. Direct ocean removal (DOR) lowers surface water pCO266
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by directly extracting CO2 from seawater; the extracted CO2 can then be stored, for ex-67

ample in geological reservoirs, or used otherwise (National Academies of Sciences, En-68

gineering, and Medicine, 2022). Ocean alkalinity enhancement (OAE) decreases surface69

water pCO2 by shifting the carbonate equilibrium, allowing seawater to hold more CO270

at a given atmospheric pCO2 (Renforth & Henderson, 2017; Oschlies et al., 2023). In all71

cases, the resulting deficit in surface water pCO2 does not immediately draw down at-72

mospheric CO2. Instead, atmospheric CO2 is absorbed as surface waters re-equilibrate73

with the atmosphere over timescales of years to decades, a process that is controlled by74

air-sea gas exchange and surface water residence times (He & Tyka, 2023; Zhou et al.,75

2024).76

The vast spatial and temporal scales of the re-equilibration process make quanti-77

fying ocean-based CDR a formidable challenge (Fennel, 2026). Because a pCO2-deficient78

plume can spread across entire ocean basins while air-sea gas exchange occurs, the in-79

tervention’s footprint extends beyond what can be captured by direct real-world sam-80

pling. Furthermore, the plume dilutes rapidly, suppressing the intervention signal in sur-81

face ocean pCO2 to below 1 µatm (He & Tyka, 2023), at or below the detection thresh-82

old of current observational systems (Wanninkhof et al., 2013). These observational hur-83

dles are compounded by the fact that the counterfactual ocean state, i.e., the hypothet-84

ical state the ocean would have maintained without intervention, is inherently unobserv-85

able. This makes it e”ectively impossible to directly attribute observed changes in pCO286

to a specific intervention, particularly when multiple deployments occur simultaneously.87

For all these reasons, credible measurement, reporting, and verification (MRV) of ocean-88

based CDR cannot rest on observations alone and will require ocean models as a cen-89

tral component (Fennel, 2026).90

To date, modeling for ocean-based CDR has typically relied on coupled physical–biogeochemical91

simulations. This approach is computationally demanding for three main reasons: (i) the92

requirement for high-resolution model simulations spanning basin-wide spatial and decadal93

temporal scales; (ii) the high computational overhead of biogeochemical (BGC) models;94

and (iii) the requirement for distinct simulations for every intervention scenario. This95

final factor becomes particularly dominant when exploring various deployment locations,96

seasons, or start years to account for seasonal and interannual variability in air-sea gas97

exchange and ocean dynamics.98

To address the computational challenge, we introduce a simplified, but more com-99

putationally e!cient approach: the CDR tracer framework. Implemented as passive trac-100

ers within a physical ocean model, each CDR tracer pair directly represents the pertur-101

bations in alkalinity and DIC that are induced by a specific ocean-based CDR interven-102

tion. For the gas exchange calculation, the framework bypasses full chemistry solvers by103

using a linearized carbonate chemistry formulation with pre-computed carbonate sen-104

sitivities. This approximation is expected to hold because, at regional to global scales,105

the carbonate system responds nearly linearly to perturbations of the magnitude that106

is relevant to CDR interventions. We evaluate the validity of this linearity assumption107

in this study within our modeling frameworks and demonstrate that it results in rela-108

tively small errors. The CDR tracer approach circumvents two of the three costly aspects109

identified above. First, the biogeochemical model is needed only once, in a control sim-110

ulation from which the carbonate sensitivities are precomputed, rather than in every CDR111

simulation (factor (ii)). Second, multiple interventions can be simulated within a single112

model integration (factor (iii)), each represented by its own set of CDR tracers.113

In Section 2, we derive the CDR tracer method from a linearization of the carbon-114

ate chemistry. We then describe its implementation in two ocean models: a 12 km con-115

figuration of the Regional Ocean Modeling System (ROMS) for the Pacific Ocean, and116

a 1→ global configuration of the Community Earth System Model (CESM). For compar-117

ison, we also introduce explicit calculations, in which the full biogeochemistry is simu-118

lated by coupling both physical models to the Marine Biogeochemistry Library (MARBL).119
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In Section 3, we examine how nonlinearity of the carbonate system is expected to a”ect120

the CDR tracer estimate, and characterize how far the interventions displace the car-121

bonate sensitivities from their control values. In Section 4, we verify the CDR tracer method122

against the explicit calculations (ROMS/MARBL and CESM/MARBL). Section 5 quan-123

tifies the computational savings, and Section 6 assesses the robustness of the method to124

the choice of carbonate sensitivities. We discuss the implications, limitations, and pos-125

sible extensions of the method in Section 7.126

2 Methods127

We first derive the CDR tracer method from a linearization of the air–sea CO2 flux128

(Sections 2.1 and 2.2). We then describe the ROMS and CESM configurations in which129

the method is implemented (Section 2.3) and the truth and CDR tracer experiments used130

to evaluate it (Sections 2.4 and 2.5). Finally, we define CDR e!ciency, the primary met-131

ric by which the two are compared (Section 2.6).132

2.1 Linearization of carbonate chemistry133

Ocean models parameterize the net air–sea CO2 flux, FCO2 , as proportional to the134

di”erence in partial pressure between the atmosphere, pCOatm

2
, and the surface ocean,135

pCO2 (e.g., Wanninkhof, 2014):136

FCO2 = kK0 (pCO
atm

2
↑ pCO2), (1)

where k denotes the gas transfer velocity and K0 the solubility of CO2 in seawater. Here,137

we define FCO2 > 0 as a net flux from the atmosphere into the ocean, i.e., oceanic CO2138

uptake. The parameterization of k varies between models, for example in its dependence139

on wind speed, sea state, or sea-ice cover. The derivation below relies only on the bulk140

form of Eq. (1) and holds for any parameterization of k that does not depend on the car-141

bonate system variables.142

The evolution of dissolved inorganic carbon (DIC) and alkalinity (ALK) is governed143

by advection, di”usion, and biogeochemical source-sink processes. In addition, DIC is144

modified by air–sea CO2 exchange. Denoting concentrations by square brackets, the tracer145

transport equations take the form146

ωt[DIC] = ↑↓ · (u [DIC]) +↓ · (ε↓[DIC]) + SDIC

bgc
+ ωzFCO2 , (2)

ωt[ALK] = ↑↓ · (u [ALK]) +↓ · (ε↓[ALK]) + SALK

bgc
, (3)

where u is the three-dimensional velocity field, ε the eddy di”usivity tensor, and z the147

vertical coordinate (positive upward, with z = 0 at the sea surface). The terms SDIC

bgc
148

and SALK

bgc
represent all net biogeochemical sources and sinks of DIC and alkalinity other149

than air–sea exchange; their exact form depends on the biogeochemical model. For DIC,150

they include, for example, photosynthetic uptake, respiration, remineralization, and cal-151

cium carbonate production and dissolution. For alkalinity, they are dominated by cal-152

cium carbonate cycling, with smaller contributions from, for example, nitrogen cycling153

and sedimentary processes. ωzFCO2 represents the convergence of the air–sea flux in the154

surface layer, which is equivalent to imposing the surface boundary condition εz ωz[DIC]|z=0 =155

FCO2 , where εz is the vertical eddy di”usivity. Since FCO2 is defined as positive into the156

ocean (Eq. (1)), this term acts as a source of surface DIC when atmospheric pCO2 ex-157

ceeds its surface oceanic counterpart.158

The remainder of this section considers the e”ects of ocean-based CDR interven-159

tions, which act by reducing the oceanic pCO2. Examples include DOR and OAE. To160

isolate the impact of a given intervention, we compare a perturbed state (superscript “pert”)161

to a counterfactual or control state (superscript “ctrl”) and define the di”erence oper-162

ator ϑ for any variable ϖ as163

ϑϖ = ϖpert
↑ ϖctrl. (4)
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In the following, we assume a non-responsive atmosphere, in which pCOatm

2
is un-164

a”ected by the intervention. The flux anomaly ϑFCO2 is then derived from Eq. (1) as165

ϑFCO2 = ↑ kK0 ϑpCO2 = ↑ k ϑ[CO2] (5)

↔ ↑ k

(
ω[CO2]

ω[DIC]

∣∣∣∣
[ALK]

ϑ[DIC] +
ω[CO2]

ω[ALK]

∣∣∣∣
[DIC]

ϑ[ALK]

)
. (6)

The second equality in Eq. (5) follows from Henry’s Law, [CO2] = K0 pCO2, which re-166

lates the oceanic partial pressure to the concentration of dissolved CO2. The approx-167

imation in Eq. (6) is a first-order Taylor expansion treating DIC and ALK as the inde-168

pendent variables of the carbonate system, with the subscripts denoting the variable held169

constant.170

We introduce the carbonate sensitivities171

ϱ =
ω[DIC]

ω[CO2]

∣∣∣∣
[ALK]

and ς =
ω[DIC]

ω[ALK]

∣∣∣∣
[CO2]

(7)

which quantify the sensitivity of DIC to changes in dissolved CO2 at constant alkalin-172

ity, and to changes in alkalinity at constant CO2, respectively. From ϱ and ς, the sen-173

sitivity of alkalinity to dissolved CO2 at constant DIC follows as174

ω[ALK]

ω[CO2]

∣∣∣∣
[DIC]

= ↑
ϱ

ς
. (8)

Analytical expressions for ϱ and ς and the derivation of Eq. (8) are given in Appendix175

A. Substituting Eqs. (7) and (8) into Eq. (6), the flux anomaly ϑFCO2 takes the com-176

pact form177

ϑFCO2 ↔ ↑
k

ϱ

(
ϑ[DIC]↑ ς ϑ[ALK]

)
. (9)

We now subtract the control state (Eqs. (2)–(3)) from its perturbed counterpart178

and substitute the linearized gas exchange term (Eq. (9)), which yields closed equations179

for the anomalies ϑ[DIC] and ϑ[ALK] of the following form:180

ωtϑ[DIC] = ↑↓ ·
(
u ϑ[DIC]

)
+↓ ·

(
ε↓ϑ[DIC]

)
+ ωz

[
↑

k

ϱ

(
ϑ[DIC]↑ ς ϑ[ALK]

)]
+ SωDIC,

(10)

ωtϑ[ALK] = ↑↓ ·
(
u ϑ[ALK]

)
+↓ ·

(
ε↓ϑ[ALK]

)
+ SωALK. (11)

The source/sink terms SωDIC and SωALK represent external inputs associated with the181

ocean-based CDR intervention. The biogeochemical terms SDIC

bgc
and SALK

bgc
approximately182

cancel because biogeochemical processes are assumed to be largely una”ected by ocean-183

based CDR-induced changes in DIC and alkalinity. Some model configurations include184

higher-order feedbacks such as pH-sensitive ammonia (NH3) outgassing, sedimentary den-185

itrification, and calcification rates dependent on DIC. We expect these feedbacks to be186

small at large scales, where CDR-induced perturbations are di”use. Since the interven-187

tions in this study are imposed over large areas, we focus on this regime and discuss the188

method’s applicability to point-source releases in Section 7.189

2.2 CDR tracer formulation190

Motivated by Eqs. (10) and (11), we introduce the CDR tracers cωDIC and cωALK,191

which track the perturbations in DIC and alkalinity due to the ocean-based CDR inter-192

vention. These are passive tracers in arbitrary units per unit volume, i.e., with units of193

[m↑3], governed by194

ωtcωDIC = ↑↓ · (u cωDIC) +↓ · (ε↓cωDIC)↑
k

z0ϱ
(cωDIC ↑ ς cωALK) + SωDIC, (12)

ωtcωALK = ↑↓ · (u cωALK) +↓ · (ε↓cωALK) + SωALK. (13)
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The first two terms on the right-hand side represent advection and di”usion, with no-195

tation as in Section 2.1. The third term in Eq. (12) acts only in the uppermost model196

layer, of thickness z0, and represents the divergence of the intervention-induced change197

in air–sea CO2 flux, ϑF̃CO2/z0, where198

ϑF̃CO2 = ↑
k

ϱ
(cωDIC ↑ ς cωALK) , (14)

and ϑF̃CO2 > 0 corresponds to additional CO2 uptake by the ocean. This term acts as199

a restoring force on the DIC perturbation, consistent with the physical mechanism of ocean-200

based CDR: an increase in cωDIC reduces the oceanic CO2 uptake and thereby damps201

the DIC perturbation, while an increase in cωALK enhances uptake and amplifies the DIC202

perturbation. The gas transfer velocity k is computed online exactly as in the host model’s203

air–sea flux parameterization (Section 2.3.1), while the carbonate sensitivities ϱ and ς204

are pre-diagnosed from a control run and provided as spatiotemporally varying exter-205

nal input fields (Figure 1).206

The terms SωDIC and SωALK represent the ocean-based CDR intervention. The form207

of these source/sink terms is determined by the type of intervention. For DOR, only DIC208

is modified (SωDIC ↗= 0, SωALK = 0), and the system reduces to Eq. (12) alone. For209

OAE, only alkalinity is modified (SωDIC = 0, SωALK ↗= 0), but both tracer equations210

are required, because the alkalinity perturbation drives a DIC response through air–sea211

exchange. Mixed interventions, such as enhanced rock weathering (ERW, e.g., Kanzaki212

et al., 2023) or partially pre-equilibrated OAE, can be represented by prescribing nonzero213

sources for both tracers (SωDIC ↗= 0, SωALK ↗= 0) and, like OAE, require the coupled214

tracer pair.215

SωDIC and SωALK have units of [m↑3 s↑1 ] and may be applied at arbitrary loca-216

tions and depths with an arbitrary spatiotemporal structure. In many applications, the217

intervention is specified as a surface flux F (units of [m↑2 s↑1 ]), in which case218

S =
F

z0
. (15)

For example, a DOR intervention removing x molm↑3 s↑1 of DIC is implemented by set-219

ting SωDIC = ↑x m↑3 s↑1, while a surface flux removal of x molm↑2 s↑1 corresponds220

to F = ↑x m↑2 s↑1. Owing to the linearity of the tracer equations, the absolute mag-221

nitudes of the source/sink terms are arbitrary: scaling them by a constant factor (for in-222

stance, specifying the intervention in mmol rather than mol) scales the tracer response223

by the same factor, which can be divided out (confirmed by Figure S24). For mixed in-224

terventions, only the ratio SωDIC/SωALK matters.225

Figure 1 illustrates the workflow for the CDR tracer method. First, a control in-226

tegration is performed with the physical model coupled to a full biogeochemical model227

(Figure 1, left). From this control run, the carbonate sensitivities ϱ and ς are obtained228

as time-varying fields, either diagnosed online or computed o#ine from output of the car-229

bonate system state variables (temperature, salinity, DIC, alkalinity, silicate, and phos-230

phate). Because ϱ and ς are used only in the air–sea gas exchange term of the subse-231

quent CDR tracer run, which acts on the uppermost model layer (Eq. (14)), only their232

surface fields need to be obtained. In this study, we compute daily ϱ and ς fields o#ine233

using pyCO2SYS (Humphreys et al., 2020) (Appendix A). Because pyCO2SYS and MARBL’s234

online carbonate chemistry solver may di”er, for example in their equilibrium constants,235

the o#ine ϱ and ς may deviate slightly from those that would have been diagnosed on-236

line. Section 6 assesses how the temporal resolution of ϱ and ς a”ects the results, and237

Text S2 discusses how ϱ and ς should be sampled and averaged in time.238

In the second step, the CDR tracer simulation is performed using only the phys-239

ical model, with the daily ϱ and ς fields obtained in the first step prescribed as time-240

varying input fields (Figure 1, right). The CDR tracer run uses the same physical forc-241
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ing as the control run (e.g., atmospheric, lateral boundary, and river forcing), together242

with the prescribed intervention source terms SωDIC and SωALK, and is started either from243

the same initial conditions or from any restart of the control run. The control run needs244

to cover the full duration of the CDR tracer run so that ϱ and ς are available through-245

out. Because the CDR tracers are passive by construction, and the biogeochemical trac-246

ers of the coupled model are passive as well (i.e., neither feeds back onto the physics),247

the physical trajectory of the CDR tracer run is, in principle, identical to that of the con-248

trol run. In practice, the physical trajectories can diverge owing to chaotic sensitivity249

to machine-level di”erences, unless the hardware and software environments are tightly250

controlled. This is discussed in the context of our experiments in Section 4.2.251

Multiple CDR interventions can be simulated simultaneously within a single CDR252

tracer run, where each DOR intervention requires a single tracer cωDIC, while each OAE253

or mixed intervention requires a tracer pair (cωDIC, cωALK). Each intervention has its own254

prescribed source terms, whereas the physical forcing and the fields ϱ and ς are shared255

by all CDR tracers. Because the physical state is computed only once for all interven-256

tions, this can result in significant computational savings. Examples of interventions that257

can be combined in a single CDR tracer run include:258

• interventions applied in di”erent geographic regions,259

• interventions at di”erent times (seasonal, interannual, or otherwise),260

• di”erent intervention types, such as OAE and DOR,261

• or any combination of the above.262

From the model output of cωDIC and cωALK, the full perturbed state can be recon-263

structed as264

[DIC]pert = [DIC]ctrl + cωDIC,

[ALK]pert = [ALK]ctrl + cωALK,

where [DIC]ctrl, [ALK]ctrl are saved from the control integration. The remaining carbon-265

ate system variables, such as pH, can then be estimated o#ine from [DIC]pert and [ALK]pert266

using pyCO2SYS or any other carbonate chemistry solver. Because the carbonate system267

is nonlinear, these variables, including pH, di”er from their time averages when computed268

from time-averaged [DIC]pert and [ALK]pert. Instantaneous (snapshot) output, as used269

here for ROMS (Section 2.3.2), avoids this bias but must be frequent enough to resolve270

the variability of interest.271

2.3 Numerical Models272

We evaluate the CDR tracer method against explicit coupled physics–biogeochemistry273

simulations, hereafter truth experiments. We use two complementary model configura-274

tions: a 12 km mesoscale-resolving regional Pacific ROMS setup (Section 2.3.2) and a275

1→ non-eddying global CESM setup (Section 2.3.3), both coupled to MARBL (Section 2.3.1).276

Each configuration supports three kinds of runs:277

1. a control simulation, with the physical model coupled to MARBL, from which we278

diagnose the carbonate sensitivities ϱ and ς (Figure 2);279

2. truth experiments, with the physical model also coupled to MARBL, run separately280

for each intervention; and281

3. CDR tracer experiments, in which many interventions are carried together as pas-282

sive tracers in a single run of the physical model alone, with ϱ and ς prescribed283

from the control simulation.284

This section describes the biogeochemical model shared by both configurations, the285

ROMS and CESM model configurations, and the model developments required specif-286
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Figure 1. The CDR tracer method workflow. Left: In the control run, the physical model

is coupled to the full biogeochemical model; carbonate sensitivities ω and ε are diagnosed on-

line during the run or o!ine from its output. Right: The CDR tracer simulation uses only the

physical model, with ω and ε prescribed as input fields. Multiple interventions (di”erent regions,

times, or types) can be run as passive tracers within a single CDR tracer run.

ically for the truth and CDR tracer experiments. The design of these experiments (in-287

tervention locations, amplitudes, and timing) is given in Sections 2.4 and 2.5.288

2.3.1 MARBL289

Both configurations use the Marine Biogeochemistry Library (MARBL, Long et290

al., 2021) for ocean biogeochemistry. Within MARBL, air–sea CO2 exchange follows Eq. (1),291

with the gas transfer velocity parameterized after Wanninkhof (2014) as292

k = φ (1↑ fice)u
2

10

√
660

SCO2

, (16)

where φ = 6.97→10↑7 sm↑1 is a scaling coe!cient, fice is the fractional sea-ice cover,293

u10 is the wind speed at 10m height, and SCO2 is the dimensionless Schmidt number for294

CO2, computed as a fourth-order polynomial of the sea surface temperature (SST, in →C):295

SCO2 = a+ b SST + c SST2 + d SST3 + e SST4, (17)

with empirical coe!cients a = 2116.8, b = ↑136.25, c = 4.7353, d = ↑0.092307, and296

e = 0.0007555.297

Our MARBL configuration includes two higher-order feedbacks that the CDR tracer298

method is unable to represent. First, pH-sensitive NH3 outgassing (Paulot et al., 2015):299

OAE- or DOR-driven increases in surface pH shift the NH3/NH+

4
equilibrium toward the300

volatile form, enhancing outgassing and slightly reducing surface alkalinity. Second, sed-301

imentary denitrification increases alkalinity in the deepest model layer at a rate depend-302

ing on the particulate organic carbon (POC) flux to the seafloor and bottom-water O2303

and NO↑
3

concentrations. A higher-order feedback could arise if the intervention altered304
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surface carbonate chemistry su!ciently to a”ect phytoplankton growth and hence POC305

export, but the resulting deep alkalinity signal would then need to be transported back306

to the surface to influence air–sea CO2 exchange. We therefore expect the sedimentary307

denitrification feedback to be negligible on the timescales considered here.308

2.3.2 ROMS309

We use the Regional Ocean Modeling System (ROMS, Shchepetkin & McWilliams,310

2005) in a configuration covering most of the Pacific Ocean (Figs. 2(a),(c)), with a hor-311

izontal resolution of approximately 12 km and 100 topography-following vertical layers,312

based on the setup of Damien et al. (2026). Whereas Damien et al. (2026) couple ROMS313

to the Biogeochemical Elemental Cycling (BEC) model, we couple it to MARBL (Sec-314

tion 2.3.1), and refer to this configuration as ROMS/MARBL. Atmospheric forcing is315

provided at hourly frequency by ERA5 (Hersbach et al., 2020), and open boundary con-316

ditions are prescribed from the GLORYS global ocean reanalysis (Lellouche et al., 2021).317

Biogeochemical boundary conditions combine observational datasets and model solutions318

(Garcia et al., 2019; Lauvset et al., 2016; Huang et al., 2022; Yang et al., 2020; Yeager319

et al., 2022), and atmospheric pCO2 is taken from Landschützer et al. (2016). The con-320

figuration has no prognostic sea-ice component; instead, grid cells are treated as ice-covered321

where the sea surface temperature falls below ↑1.8 →C. This simplification has no bear-322

ing on the experiments presented here, whose intervention sites lie well away from any323

sea ice. The model is spun up for 78 years under cyclical forcing. All experiments pre-324

sented here are initialized from this spin-up on January 1, 2000, and span the two-year325

period 2000–2001, a length limited by computational cost. Full equilibration of the CDR326

signal can take a decade or longer; a longer-term evaluation is provided by the CESM327

experiments (Section 2.3.3), which span 15 years.328

For the truth experiments, OAE and DOR interventions are implemented as a pre-329

scribed surface flux of alkalinity or DIC, read from a forcing file and applied to the cor-330

responding prognostic MARBL tracer over the uppermost model layer. For the CDR tracer331

experiments, we implement Eqs. (12) and (13) in the ROMS passive-tracer module. Ad-332

vection and di”usion of cωDIC and cωALK reuse the existing tracer machinery, so only the333

surface terms are added: the prescribed intervention flux and the air-sea gas exchange.334

The intervention flux is taken directly from the corresponding truth experiment (the DIC-335

removal flux for DOR and the alkalinity-addition flux for OAE). It corresponds to the336

source terms SωDIC, SωALK via Eq. (15), and is applied as a surface flux, distributed over337

the uppermost layer. The air-sea gas exchange term in Eq. (12) is formed at each time338

step from the current tracer values, using the prescribed carbonate sensitivities ϱ and339

ς together with a gas-transfer velocity k. The sensitivities ϱ and ς are time-varying, sup-340

plied as external forcing fields at a user-specified frequency. The velocity k is computed341

online from sea surface temperature and winds (Eqs. (16), (17)) and set to zero in ice-342

covered cells, suppressing gas exchange under sea ice. Each cωDIC tracer is paired with343

its cωALK partner so that the gas exchange term is evaluated consistently. For DOR the344

partner is absent, and the term reduces to a damping of cωDIC alone.345

2.3.3 CESM346

We use the global forced ocean–ice configuration of the Community Earth System347

Model (CESM) version 2 (Yeager et al., 2022). The ocean component is the Parallel Ocean348

Program version 2 (POP2), run at a nominal 1→ horizontal resolution with 60 vertical349

levels. POP2 is coupled to MARBL for ocean biogeochemistry (Section 2.3.1) and to the350

Los Alamos Sea Ice Model version 5 (CICE5) for sea ice, which provides the sea-ice frac-351

tion fice in Eq. (16). We refer to this configuration as CESM/MARBL. Atmospheric forc-352

ing is provided by the Japanese 55-year Reanalysis (JRA55, Kobayashi et al., 2015), with353

transient atmospheric CO2 forcing. The model is integrated from 1850 to near-present,354

repeating the 1958–2018 JRA55 forcing cycle. Our analysis focuses on the period Jan-355
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uary 1999 to December 2013. This configuration, and the truth experiments described356

below, follow Zhou et al. (2024, 2026).357

For the CESM CDR tracer implementation we use the same formulation as for ROMS.358

Because POP2 organizes each passive-tracer package as a self-contained module wired359

into the surrounding CESM and Common Infrastructure for Modeling the Earth (CIME)360

configuration and build layers, implementing the CDR tracer framework in CESM re-361

quired substantially more development than in ROMS: a dedicated POP2 module with362

its own initialization, restart handling, diagnostics, and namelist interface, registered through363

the CIME case-configuration system. Each CDR tracer has its own surface forcing (a364

prescribed intervention flux, as in ROMS) and, for OAE or mixed interventions, is paired365

with a cωALK tracer. The carbonate sensitivities ϱ and ς and the per-intervention sur-366

face forcing are supplied as time-varying fields through CESM’s coupler stream-data frame-367

work, the same forcing pathway used by MARBL. Routing the inputs this way ensures368

that the CDR tracer forcing is identical to the perturbations applied in the truth exper-369

iments. The air-sea gas exchange term is assembled as in ROMS, with the gas-transfer370

velocity k computed online from sea surface temperature, winds, and the prognostic sea-371

ice fraction (Eqs. (16), (17)).372

One aspect of the CESM implementation merits note. In the CESM/MARBL truth373

experiments (Section 2.4.2), the alkalinity or DIC intervention flux is applied at the ocean374

surface regardless of sea-ice cover: even under complete sea-ice coverage, the prescribed375

ϑALK or ϑDIC flux is added to the surface layer. Air-sea CO2 gas exchange, however,376

is always multiplied by (1↑fice), where fice is the prognostic sea-ice fraction (Eqs. (16),377

(1)). In other words, under full ice cover the perturbation accumulates in the surface ocean378

without any compensating outgassing until the ice retreats. To reproduce this behav-379

ior faithfully in the CDR tracer implementation, we adopt the same convention: the in-380

tervention source terms SωDIC and SωALK are applied with no dependence on sea-ice frac-381

tion, while the air-sea gas exchange term ϑF̃CO2 (Eqs. (16), (14)) uses multiplication by382

(1↑ fice).383

Repeating the 1,380 CESM/MARBL truth experiments of Zhou et al. (2024, 2026)384

with the CDR tracer method required substantial workflow infrastructure beyond the385

model source code itself, owing to the large number of interventions carried simultane-386

ously. Although the atmospheric forcing, the gas transfer velocity k, and the carbonate387

sensitivities ϱ and ς are shared across all interventions, each intervention requires its own388

prescribed intervention flux, and each cωDIC tracer must be paired with the correct cωALK389

partner. We therefore developed a Python orchestration layer that configures the sim-390

ulation programmatically, writes namelists, and assembles the per-intervention flux in-391

puts. This tooling is released as open source alongside the CESM CDR tracer implemen-392

tation (Appendix B).393

2.4 Truth Experiments394

The truth experiments comprise two sets: regional ROMS/MARBL experiments395

at four Pacific locations, and the global CESM/MARBL e!ciency atlases of Zhou et al.396

(2024, 2026). The atlases map OAE and DOR e!ciency by applying an intervention sep-397

arately in each of 690 non-overlapping ocean polygons, which together span the global398

ocean south of 75→N. In total, this yields 1,404 truth experiments, all summarized in Ta-399

ble 1.400

2.4.1 ROMS/MARBL experiments401

We select four intervention locations in the Pacific: Japan (J), Vancouver Island402

(V), Baja California (B), and Ecuador (E), as shown in Figure 2(a),(c). These locations403

sample a wide range of carbonate sensitivity values and dynamical regimes (Figures 2,404
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Figure 2. Carbonate sensitivities ω and ε from the 12 km Pacific ROMS/MARBL and

1→ global CESM/MARBL control simulations. (a–d) Spatial maps of ω (a,b) and ε (c,d) for

ROMS/MARBL (a,c) and CESM/MARBL (b,d), shown for January 1, 2000. These time-varying

fields serve as input to the respective CDR tracer simulations. The four CDR intervention lo-

cations used in the ROMS experiments are marked in (a,c): J = Japan, V = Vancouver Island,

B = Baja California, E = Ecuador. (e,f) Zonally averaged ω (e) and ε (f) as a function of lati-

tude, comparing ROMS/MARBL and CESM/MARBL with the observation-based OceanSODA-

ETHZ product (Gregor & Gruber, 2021). All three are averaged over the ROMS Pacific domain

and over the two-year period 2000–2001, sampling the same region and time period. Lines show

the zonal mean; shading shows temporal variability, given as the per-cell standard deviation over

2000–2001 averaged within each 1→ latitude band. The strong anticorrelation between ω and ε

arises because both are controlled by the ratio of carbonate to bicarbonate ions (Text S3).

–11–



manuscript submitted to Journal of Advances in Modeling Earth Systems (JAMES)

Table 1. Truth experiments used to evaluate the CDR tracer approach. Experiment names

encode location, amplitude, and intervention type (→ = OAE, ↑ = DOR). For ROMS/MARBL,

locations are abbreviated as single letters and amplitudes given in Gmol; for CESM/MARBL,

names encode polygon numbers. This yields 1,404 experiments in total (24 ROMS/MARBL,

1,380 CESM/MARBL).

Experiment Location Amplitude Time Type Model

J10↘ Japan 10 Gmol Jan 2000 OAE ROMS/MARBL
J100↘ Japan 100 Gmol Jan 2000 OAE ROMS/MARBL
J1000↘ Japan 1 Tmol Jan 2000 OAE ROMS/MARBL
J10≃ Japan 10 Gmol Jan 2000 DOR ROMS/MARBL
J100≃ Japan 100 Gmol Jan 2000 DOR ROMS/MARBL
J1000≃ Japan 1 Tmol Jan 2000 DOR ROMS/MARBL

V10↘ Vancouver Island 10 Gmol Jan 2000 OAE ROMS/MARBL
V100↘ Vancouver Island 100 Gmol Jan 2000 OAE ROMS/MARBL
V1000↘ Vancouver Island 1 Tmol Jan 2000 OAE ROMS/MARBL
V10≃ Vancouver Island 10 Gmol Jan 2000 DOR ROMS/MARBL
V100≃ Vancouver Island 100 Gmol Jan 2000 DOR ROMS/MARBL
V1000≃ Vancouver Island 1 Tmol Jan 2000 DOR ROMS/MARBL

B10↘ Baja California 10 Gmol Jan 2000 OAE ROMS/MARBL
B100↘ Baja California 100 Gmol Jan 2000 OAE ROMS/MARBL
B1000↘ Baja California 1 Tmol Jan 2000 OAE ROMS/MARBL
B10≃ Baja California 10 Gmol Jan 2000 DOR ROMS/MARBL
B100≃ Baja California 100 Gmol Jan 2000 DOR ROMS/MARBL
B1000≃ Baja California 1 Tmol Jan 2000 DOR ROMS/MARBL

E10↘ Ecuador 10 Gmol Jan 2000 OAE ROMS/MARBL
E100↘ Ecuador 100 Gmol Jan 2000 OAE ROMS/MARBL
E1000↘ Ecuador 1 Tmol Jan 2000 OAE ROMS/MARBL
E10≃ Ecuador 10 Gmol Jan 2000 DOR ROMS/MARBL
E100≃ Ecuador 100 Gmol Jan 2000 DOR ROMS/MARBL
E1000≃ Ecuador 1 Tmol Jan 2000 DOR ROMS/MARBL

P000↘ Polygon 000 10 mol m↑2 yr↑1 Jan 1999 OAE CESM/MARBL
P001↘ Polygon 001 10 mol m↑2 yr↑1 Jan 1999 OAE CESM/MARBL
...

...
...

...
...

...
P689↘ Polygon 689 10 mol m↑2 yr↑1 Jan 1999 OAE CESM/MARBL

P000≃ Polygon 000 10 mol m↑2 yr↑1 Jan 1999 DOR CESM/MARBL
P001≃ Polygon 001 10 mol m↑2 yr↑1 Jan 1999 DOR CESM/MARBL
...

...
...

...
...

...
P689≃ Polygon 689 10 mol m↑2 yr↑1 Jan 1999 DOR CESM/MARBL
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S3, S4, and S5): a subpolar site (V, 50→N) with low ϱ and high ς; a subtropical site (B,405

27→N) with intermediate ϱ and ς; an eastern-boundary equatorial site (E, 0→) with high406

ϱ and low ς; and a western boundary current region (J, 36→N), at the subtropical-subpolar407

boundary, with high temporal variability in ϱ and ς.408

At each location, the surface intervention flux is applied over the first month of the409

simulation (January 2000) as a horizontal Gaussian with a nominal standard deviation410

of 300 km, masked to ocean points and rescaled to preserve the total integrated mag-411

nitude (Figure S8). We run three intervention amplitudes and both intervention types412

(OAE and DOR), giving six truth experiments per location and 24 in total (Table 1).413

Experiments are named by location, amplitude, and type, with ↘ denoting OAE and ≃414

denoting DOR (e.g., J100↘ for a 100Gmol OAE experiment at Japan). The amplitudes415

are chosen so that the total alkalinity added or DIC removed equals 10Gmol, 100Gmol,416

and 1Tmol, spanning three orders of magnitude. This range is deliberate: larger inter-417

ventions are increasingly expected to violate the linearity assumption underlying the CDR418

tracer method, and testing across three orders of magnitude reveals whether that assump-419

tion holds and at what amplitude it begins to break down. Applied over one month, the420

three amplitudes correspond to delivery rates of roughly 4→103, 4→104, and 4→105 mol s↑1.421

For comparison, a single ship-based release could deliver 250–1,200mol s↑1, and present-422

day coastal outfall operations deliver about 10mol s↑1 (Bach et al., 2026). Even the small-423

amplitude experiments therefore represent a large deployment by current standards, equiv-424

alent to several ships discharging continuously for a month, and the mid-amplitude ex-425

periments an ambitious regional deployment. The largest-amplitude experiments are de-426

liberately extreme: annualized, they amount to about 4% of the ⇐335Tmol yr↑1 in the427

optimistic global gigatonne-scale scenario of Bach et al. (2026), concentrated at a sin-428

gle site, and serve as an upper bound for testing the linearity assumption. The Gaus-429

sian source is designed to implicitly parameterize the early near-field mixing of the re-430

leased material, which cannot be resolved at the 12 km model resolution. All experiments431

therefore represent the intervention after near-field mixing has taken place, and the re-432

sulting perturbations should be compared with far-field rather than near-field alkalin-433

ity ranges (Bach et al., 2026).434

Because the Gaussian kernel is defined based on a single domain-averaged grid spac-435

ing rather than the local grid spacing, the realized standard deviation departs slightly436

from the nominal 300 km at each location. Combined with di”erences in the ocean foot-437

print remaining after land masking and renormalization, the four locations experience438

di”erent flux amplitudes (Figures S8, S9, S10, S11). For the largest-amplitude experi-439

ment, peak fluxes reach 44.6, 27.2, 24.8, and 24.6molm↑2 yr↑1 at Vancouver Island, Ecuador,440

Japan, and Baja California, respectively. These are 2.5–4.5 times the flux of 10molm↑2 yr↑1
441

that Zhou et al. (2024) chose in order to keep their surface pH increase generally below442

0.1. The mid- and small-amplitude peak fluxes, in contrast, remain below this reference443

flux.444

2.4.2 CESM/MARBL experiments445

As our global CESM/MARBL truth experiments, we use the OAE and DOR at-446

lasses of Zhou et al. (2024, 2026), in which the global ocean is divided into 690 polygons.447

For each polygon, these authors ran one OAE and one DOR integration for 15 years. In448

each, alkalinity was added (OAE) or DIC was removed (DOR) at the ocean surface within449

a single polygon at a constant rate of 10molm↑2 yr↑1 over the first month. We use only450

the experiments with interventions starting in January 1999 (the atlasses also include451

April, July, and October 1999 start dates), giving 1,380 experiments in total (Table 1).452

Across the 1,380 truth experiments, polygon areas vary considerably. As a result,453

the total alkalinity addition or DIC removal ranges from approximately 100 Gmol to 1 Tmol,454

with median values of about 200 Gmol for exclusive economic zone (EEZ) polygons and455
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Table 2. ROMS CDR tracer experiments. Each prescribes the carbonate sensitivities ω and

ε, sharing the same spatiotemporal form, indicated by s: s(x, y, t) a time-varying field, s(x, y)

a time-constant field, and s a single constant in space and time. REF uses the daily, spatially

varying ROMS/MARBL carbonate sensitivities; the remaining experiments degrade them, either

by temporally and spatially averaging the ROMS/MARBL sensitivities (MON, MEAN, CONST) or by

substituting carbonate sensitivities from CESM/MARBL or OceanSODA-ETHZ, regridded to the

ROMS grid.

Experiment Source Form Temporal resolution

REF ROMS/MARBL s(x, y, t) daily
MON ROMS/MARBL s(x, y, t) monthly
MEAN ROMS/MARBL s(x, y) time-mean
CONST ROMS/MARBL s time-mean
CESM CESM/MARBL s(x, y, t) daily
SODA-mon OceanSODA-ETHZ s(x, y, t) monthly
SODA-clim OceanSODA-ETHZ s(x, y, t) monthly climatology

600 Gmol for open-ocean polygons. For context, these amplitudes fall between the sec-456

ond and third ROMS/MARBL experiment amplitudes (su!xes 100 and 1000 in Table 1).457

The atlas experiments di”er from the ROMS/MARBL truth experiments in a comple-458

mentary way: here the flux is spatially uniform across the polygon but the total amount459

varies with polygon area, whereas the ROMS/MARBL experiments fix the total amount460

and allow the flux to vary spatially via a Gaussian distribution. In both cases, the in-461

tervention is distributed over hundreds of kilometers and thus represents the perturba-462

tion after near-field mixing has taken place. Together, the two sets of experiments span463

a wider range of intervention scenarios and provide a more comprehensive test of the CDR464

tracer method.465

2.5 CDR Tracer Experiments466

The CDR tracer experiments mirror the truth experiments but use only the phys-467

ical model, with the carbonate sensitivities ϱ and ς prescribed as input fields. For both468

ROMS and CESM, we prescribe ϱ and ς at the daily resolution of the corresponding con-469

trol simulation; Figure 2 shows the fields for January 1, 2000. We refer to these setups,470

in which ϱ and ς are prescribed at daily resolution, as the CDR tracer reference config-471

urations. In the reference configurations, ϱ and ς are derived from the coupled physics–472

biogeochemistry model used for the truth experiments and are resolved in time, so the473

dominant approximation relative to the truth is the linearization underlying the CDR474

tracer method (see Text S2 for minor additional approximations arising from the tem-475

poral sampling of ϱ and ς).476

For CESM, we restrict ourselves to this reference configuration and do not perform477

additional experiments. For ROMS, we run additional experiments in which ϱ and ς are478

degraded relative to the reference configuration (Table 2). These additional experiments479

probe how robust the method is to coarser or less self-consistent sensitivity inputs, a ques-480

tion with direct practical importance: diagnosing ϱ and ς at full resolution requires a481

dedicated control run with active biogeochemistry, which is costly to spin up and to store.482

If degraded sensitivities prove adequate, the control output can be stored less often. More483

importantly, if external sensitivities work, the biogeochemical control run can be skipped484

altogether, avoiding its costly spin-up.485
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We degrade the carbonate sensitivities along two axes. The first coarsens the ROMS/MARBL486

sensitivities in time: from daily (REF) to monthly means (MON), to a single time-mean487

field (MEAN), to a single domain-wide constant (CONST), where the latter is obtained by488

additionally averaging over space. The MON and MEAN experiments address how frequently489

the control output must be stored, while CONST removes all spatial and temporal struc-490

ture and serves as a worst-case bound on how much accuracy can be lost. In all exper-491

iments, we calculate ϱ and ς at the native daily and spatial resolution and subsequently492

average these fields, rather than calculating them from temporally and/or spatially av-493

eraged state variables. Because ϱ and ς are nonlinear functions of the carbonate state,494

the two orderings di”er. However, the resulting di”erences are small compared to the495

degradation e”ects studied here, although regionally significant di”erences do occur (Fig-496

ures S6 and S7; Text S2).497

The second axis replaces the ROMS/MARBL sensitivities with those from inde-498

pendent sources, testing whether a dedicated biogeochemical control simulation can be499

avoided altogether. We use ϱ and ς derived from the CESM/MARBL control (CESM) and500

from the observation-based OceanSODA-ETHZ product (Gregor & Gruber, 2021). The501

latter is used both at its native monthly resolution (SODA-mon) and as a 30-year monthly502

climatology (SODA-clim). OceanSODA-ETHZ reconstructs the global surface carbon-503

ate system at monthly, 1→ resolution from surface pCO2 and alkalinity observations us-504

ing a machine-learning mapping approach. We compute ϱ and ς from its reconstructed505

alkalinity and DIC, together with temperature and salinity, using pyCO2SYS with con-506

stant nutrient concentrations, since OceanSODA-ETHZ does not provide nutrient fields.507

The time means and temporal standard deviations of ϱ and ς from all three sources are508

shown in Figures S3 and S4, and zonal means of each month of the 30-year OceanSODA-509

ETHZ climatology in Figure S5. All externally derived sensitivities are regridded to the510

ROMS grid.511

The sensitivities from the external sources di”er from the ROMS/MARBL sensi-512

tivities in instructive ways. The 1→ CESM/MARBL and OceanSODA-ETHZ do not re-513

solve mesoscale dynamics, whereas the 12 km ROMS/MARBL fields show prominent mesoscale514

structure (Figure 2). Beyond this resolution di”erence, CESM/MARBL also exhibits large-515

scale biases in ϱ and ς relative to ROMS/MARBL and OceanSODA-ETHZ, particularly516

at low latitudes (Figures 2, S3, S4). The robustness experiments in Table 2 quantify how517

these di”erences propagate to the reconstructed CDR e!ciency, presented in Section 6.518

2.6 CDR e!ciency519

The primary metric for MRV of ocean-based CDR is the cumulative oceanic CO2520

uptake implied by the intervention. The CDR e!ciency, denoted E for the truth and Ẽ521

for the CDR tracer estimate, normalizes this uptake by the total amount of alkalinity522

added (OAE) or DIC removed (DOR). CDR e!ciency is the primary focus of the ver-523

ification in Section 4. The CDR e!ciency can equivalently be computed from either the524

DIC perturbation (an inventory) or the air-sea CO2 flux implied by the intervention, since525

the two are related by the integrated carbon budget and di”er only in the diagnostics526

they require.527

Using the DIC perturbation field, the e!ciencies for OAE and DOR are528

E
OAE(t) =

∫
ϑDICdV

∫ t
t0

∫
SωALK dV dt↓

, Ẽ
OAE(t) =

∫
cωDIC dV

∫ t
t0

∫
SωALK dV dt↓

, (18)

E
DOR(t) = 1↑

∫
ϑDICdV

∫ t
t0

∫
SωDIC dV dt↓

, Ẽ
DOR(t) = 1↑

∫
cωDIC dV

∫ t
t0

∫
SωDIC dV dt↓

. (19)
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The denominator is the time-integrated source, i.e. the total alkalinity added or DIC529

removed up to time t. We use the sign convention SωALK > 0 for OAE and SωDIC <530

0 for DOR. The numerator is the diagnosed ocean carbon response, evaluated from the531

true perturbation ϑDIC or its tracer estimate cωDIC. For OAE, this is the increase in ocean532

DIC resulting from the CO2 drawn into the ocean. For DOR, the numerator is instead533

the DIC deficit remaining in the ocean. Immediately after removal it equals the amount534

removed, giving a ratio of 1 and E = 0. As the deficit is refilled, new CO2 is drawn from535

the atmosphere into the ocean; this atmospheric drawdown, not the carbon already ex-536

tracted and stored elsewhere, is the actual climate benefit of DOR. As it accumulates,537

the ratio falls below 1. Thus 1 minus the ratio, the realized removal, rises toward its equi-538

librium value, approaching E = 1 if the deficit remains in contact with the atmosphere539

until fully equilibrated. The formulation in Eqs. (18) and (19) requires instantaneous snap-540

shots of ϑDIC (truth experiments) and cωDIC (CDR tracer experiments), both available541

from our ROMS simulations. We therefore use this formulation for the CDR tracer val-542

idation in ROMS (Section 4.1).543

Equivalently, the CDR e!ciency can be expressed from the cumulative air-sea CO2544

flux perturbation,545

E
OAE(t) =

∫ t
t0

∫
ϑFCO2 dA dt↓

∫ t
t0

∫
SωALK dV dt↓

, Ẽ
OAE(t) =

∫ t
t0

∫
ϑF̃CO2 dA dt↓

∫ t
t0

∫
SωALK dV dt↓

, (20)

E
DOR(t) = ↑

∫ t
t0

∫
ϑFCO2 dA dt↓

∫ t
t0

∫
SωDIC dV dt↓

, Ẽ
DOR(t) = ↑

∫ t
t0

∫
ϑF̃CO2 dA dt↓

∫ t
t0

∫
SωDIC dV dt↓

. (21)

where ϑFCO2 is the full air-sea flux perturbation in the truth experiments (Eq. (5)) and546

ϑF̃CO2 its linearized CDR tracer counterpart (Eq. (14)). Note that the DOR e!ciencies547

defined in Eq. (21) are positive because SωDIC is negative by convention. Unlike the in-548

ventory form, this requires the cumulative flux and should be evaluated from time-averaged549

output. We use it for the CDR tracer validation in CESM (Section 4.2), where we have550

monthly mean flux diagnostics available.551

3 Carbonate System Nonlinearity552

The carbonate system is nonlinear: the response of dissolved CO2 to a change in553

DIC or alkalinity depends on the background carbonate state. The CDR tracer method554

sidesteps this by linearizing about the control state, prescribing ϱ and ς from the con-555

trol run so that they are una”ected by the intervention. The true sensitivities, however,556

respond to the carbonate state shift that the intervention itself produces. Figure 3(a,b)557

shows ϱ and ς as functions of ALK and DIC. ϱ increases with ALK and decreases with558

DIC, while ς decreases with ALK and increases with DIC. For DOR, DIC is removed559

directly from the ocean, resulting in negative ϑDIC at fixed alkalinity. For OAE, alka-560

linity is added to the ocean, resulting in positive ϑALK; this shifts the carbonate equi-561

librium, drawing down atmospheric CO2 and producing a positive ϑDIC response. Both562

interventions move the carbonate state in the direction of increasing ϱ and decreasing563

ς (white arrows), so the control values used by the CDR tracer method are biased low564

in ϱ and high in ς.565

The sign of the resulting error in the CDR tracer estimate can be anticipated from566

a box model. The box model reduces the full problem to a single well-mixed surface box567

of depth h with no horizontal transport and admits closed-form solutions (Text S1). Fig-568

ure 3(c–f) shows the resulting CO2 flux anomaly and CDR e!ciency for illustrative pa-569

rameter values (ϱctrl = 15, ϱpert = 24, ςctrl = 0.85, ςpert = 0.82; remaining parame-570

ters in Text S1). Because ϱctrl is smaller than the true ϱ, the CO2 flux anomaly esti-571

mated by the CDR tracer rises faster and peaks higher than the truth (Figure 3(c)). Af-572

ter the intervention stops at time T , it also decays faster. The instantaneous flux error573
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Figure 3. (a,b) Carbonate sensitivities ω (a) and ε (b) as functions of ALK and DIC, com-

puted at fixed temperature, salinity, phosphate, and silicate set to long-term domain-mean

values of the ROMS/MARBL Pacific control run (T0 = 21.9 →C, S0 = 34.5 psu, (PO3↑
4

)0 =

0.5mmolm↑3, (SiO2↑
3

)0 = 3.2mmolm↑3). Contour intervals (thin dashed contours) are 5 for

ω and 0.02 for ε. Overlaid are the outlines of the ALK–DIC mean state space occupied by the

Pacific ROMS/MARBL control run (gray contours). The white arrows show schematically the

direction of the carbonate state shift induced by OAE and DOR; amplitudes are exaggerated

for visibility. (c–f) Air-sea CO2 flux anomaly and CDR e#ciency computed with a box model

(Text S1), for the CDR tracer method and truth. The intervention is applied over 0 ↓ t ↓ T

and parameter values are given in Text S1. (c) Flux anomaly ϑFCO2 caused by the intervention.

Fluxes are normalized to a unit total intervention (Text S1), so the y-axis carries units of time↑1

rather than mass per time. (d) Flux error, which changes sign at the crossover time t↓. (e) CDR

e#ciency, i.e., the time-integrated flux in (c). (f) E#ciency error, positive throughout, maximal

at t↓, and converging to εctrl ↔ εpert.
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is therefore not sign-definite and changes sign exactly once, at a crossover time t↔ (Fig-574

ure 3(d)). Integrating the flux in time, the estimated e!ciency curve rises faster and con-575

verges to a higher plateau than the truth (Figure 3(e)), since in the box model the equi-576

libration rate scales as 1/ϱ and ς sets the plateau of the e!ciency curve. The e!ciency577

error is positive at all times, maximal at t↔, and converges to ςctrl↑ςpert (Figure 3(f)).578

In other words, the CDR tracer is expected to overestimate CDR e!ciency at all times.579

To probe the robustness of this conclusion, we extend the box model numerically to time-580

varying ϱ(t), ς(t), and mixed layer depth h(t) in Text S1 and Figure S1, partially ac-581

counting for the temporal evolution of the carbonate state and mixed layer as the inter-582

vention plume spreads. We find the same error structure in all cases (Figure S2), sug-583

gesting that the systematic overestimation of e!ciency by the CDR tracer method is a584

robust feature that may extend to full-fledged numerical ocean models. We test this ex-585

pectation against the full ROMS/MARBL and CESM/MARBL experiments in Section 4.586

The magnitude of the error in the CDR tracer flux and e!ciency estimates depends587

on how far the intervention displaces ϱ and ς from their control values. This displace-588

ment is a direct measure of the nonlinearity of the problem. In the remainder of this sec-589

tion we characterize the shift in surface ALK and DIC induced by our ROMS/MARBL590

intervention experiments, and the resulting changes in ϱ and ς, using only the control591

and largest-amplitude intervention truth runs. This provides the physical context needed592

to interpret the CDR tracer verification results in Section 4.1.593

Two physical mechanisms dominate how the intervention signal spreads and dilutes594

after release: horizontal advection and vertical mixing. Figure 4 investigates both. Pan-595

els (a)–(d) show the 90% footprint of ϑALK six months after the OAE intervention (July596

1, 2000), overlaid on the time-mean surface current speed and direction. The Japan plume597

has spread more than 30→ to the east, carried by the vigorous Kuroshio current (panel598

(a)), and the Ecuador plume has spread a similar distance to the west, following the North599

and South Equatorial currents (panel (d)). In contrast, the Vancouver Island and Baja600

California plumes have barely moved beyond their intervention footprints, owing to the601

weak currents in those regions (panels (b),(c)). The footprint of ϑDIC in both the OAE602

and DOR experiments closely follows those of ϑALK (Figure S12).603

Panels (e)–(g) show the vertical profiles of the response inventory, integrated hor-604

izontally over the full model domain, six months after the intervention start. Focusing605

on the ϑALK profiles in the OAE experiments (panel (e)), the four locations show markedly606

di”erent vertical structures. The Japan ϑALK anomaly exhibits a subsurface peak at ap-607

proximately 50m and extends to around 300m, reflecting seasonal re-stratification: the608

winter mixed layer in the Kuroshio region reaches up to 200–300m (Figure S13(a)), but609

by July it has shoaled to less than 10m (Figure S14(a)), leaving a portion of the anomaly610

stranded below the summer mixed layer. O” Ecuador, by contrast, the shallow mixed611

layer year-round (Figures S13, S14, S15) confines the ϑALK signal near the surface, pro-612

ducing the most strongly surface-intensified profile. Baja California shows an approx-613

imately uniform signal across the upper 70m before declining, while the Vancouver Is-614

land ϑALK is also surface-intensified.615

The ϑDIC profiles in the OAE experiments (panel (f)) are more surface-intensified616

than the ϑALK profiles (panel (e)), since atmospheric CO2 uptake driven by the alka-617

linity perturbation occurs at the surface. However, vertical mixing still redistributes the618

ϑDIC signal with depth, and similar mixing-depth signatures as seen in panel (e) emerge619

in the ϑDIC profiles later in the year (Figure S16). Vancouver Island shows the largest620

ϑDIC mass among the OAE experiments, reflecting its high e!ciency: it draws down the621

most CO2 per unit alkalinity added, as discussed in Section 4.1. The ϑDIC profiles in622

the DOR experiments (panel (g)) closely mirror the ϑALK profiles of the OAE exper-623

iments (panel (e)) in shape but with opposite sign, since the initial DIC deficit is spread624

by the same physical transport and mixing processes as the alkalinity perturbation. Near625

the surface, however, the profiles start to diverge from the ϑALK profiles: CO2 draw-626
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Figure 4. (a–d) Time-mean surface current speed (shading) and direction (white arrows)

around each intervention location: Japan (a), Vancouver Island (b), Baja California (c), and

Ecuador (d). Arrows are shown only where the time-mean surface current speed exceeds 0.3m/s

and are subsampled to every 15th grid point for clarity. Red contours show the 90% footprint of

the depth-integrated ϑALK from the largest-amplitude OAE experiment on July 1, 2000, where

ϑ denotes intervention minus control (Eq. (4)). The black crosses and dashed circles mark the

center and 90% Gaussian footprint of the respective interventions. (e–g) Vertical profiles of the

response inventory density (mmolm↑1), integrated horizontally over the full model domain, for

the largest-amplitude experiments on July 1, 2000, six months after the intervention start. Panels

show ϑALK for OAE (e), ϑDIC for OAE (f), and ϑDIC for DOR (g).
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Figure 5. Response of surface alkalinity, ϑALK, in the largest-amplitude OAE truth experi-

ments for the Japan (a), Vancouver Island (b,e), Baja California (c), and Ecuador (d) interven-

tion locations. ϑ denotes intervention minus control (Eq. (4)). All panels show uppermost-layer

concentrations (mean layer thickness 2.5m) on July 1, 2000, six months after the intervention

start. Black crosses and dashed circles mark the intervention center and 90% Gaussian footprint.

Colorbars are saturated in all panels except (e) to keep the plumes visible, with ranges indicat-

ing typical concentration scales. Panel (e) shows a zoomed-in view of the region outlined by the

dotted box in panel (b), with an unsaturated colorbar to highlight extreme local concentrations

around Vancouver Island. The domain-wide absolute maximum of each response field is anno-

tated at the bottom of each panel.

down gradually refills the DIC deficit from above, modifying the surface signal relative627

to panel (e).628

Together, horizontal advection and vertical mixing control the surface concentra-629

tion of the intervention signal: horizontal advection dilutes it by spreading the pertur-630

bation over a larger area, while vertical mixing spreads it away from the surface. The631

resulting surface ϑALK fields in the largest-amplitude OAE experiments are shown in632

Figure 5. At Japan, vigorous Kuroshio advection and deep winter mixing followed by633

summer restratification produce the lowest surface concentrations; the plumes are stretched634

eastward along the Kuroshio over a large area (Figure 5(a)). At Vancouver Island, weak635

currents and the absence of deep mixing keep the ϑALK signal compact and surface-intensified636

near the injection site, resulting in the highest surface concentrations of the four loca-637

tions (Figure 5(b)), including extreme local values (Figure 5(e)) discussed below. The638

Baja California signal mixes down but does not spread horizontally, while the Ecuador639

signal spreads westward along the equatorial currents but remains near the surface; both640

show intermediate concentrations (Figure 5(c,d)). The same concentration ranking holds641

for ϑDIC in both the OAE and DOR experiments (Figures S17–S20): highest at Van-642

couver Island, intermediate at Baja California and Ecuador, and lowest at Japan. The643

overall di”erence in typical surface concentrations between Japan and Vancouver Island644
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is roughly one order of magnitude. Most of this contrast reflects the dynamical di”er-645

ences discussed above, but approximately a factor of 2 arises from di”erences in inter-646

vention flux amplitude: the peak surface flux at Vancouver Island is approximately twice647

as large as at Japan, owing to di”erences in the realized Gaussian width and ocean foot-648

print after land masking (Section 2.4.1, Figures S8–S11).649

Figure 5(e) zooms into the Vancouver Island region with an unsaturated colorbar,650

revealing extreme local ϑALK values. These extremes occur in three isolated spots: the651

Salish Sea northwest of Vancouver, the Strait of Juan de Fuca southwest of Victoria, and652

near Port Hardy at the northern tip of Vancouver Island, with a domain maximum of653

338mmolm↑3. The signal accumulates in these narrow, shallow passages (depths of 10–654

15m, with the Strait of Juan de Fuca represented by a single grid cell) where currents655

are too weak to export it e!ciently. The same locations show extreme values in ϑDIC656

for both the OAE and DOR experiments (Figure S18). The domain maxima at the other657

locations (16, 42, and 103mmolm↑3 for Japan, Baja California, and Ecuador, respec-658

tively; Figure 5(a,c,d)) are similarly dominated by isolated values near the injection sites,659

though of smaller amplitude. Elevated surface concentrations of ϑALK and ϑDIC, whether660

extreme or more broadly distributed across the plume, shift the carbonate state away661

from the control and drive deviations in ϱ and ς, as we quantify next.662

Figure 6 shows the relative di”erence in ϱ and ς between the control run (ϱREF,663

ςREF) and the perturbed truth runs of the largest-amplitude OAE experiments, six months664

after the intervention start (see also Figures S21–S23). The spatial pattern follows the665

spread of the ϑALK and ϑDIC plumes (Figures 5, S17–S20): ϱ and ς are only modified666

where the intervention signal has reached. The signs are consistent with Figure 3(a,b):667

the control run underestimates ϱ and overestimates ς relative to the perturbed run, i.e.,668

ϱREF < ϱpert and ςREF > ςpert, which appear as negative (blue) and positive (red)669

relative di”erences in Figure 6, respectively. Across all four locations, the relative change670

in ς is approximately an order of magnitude smaller than that in ϱ, as the colorbar ranges671

and annotated maxima show. This identifies ϱ as the dominant source of nonlinearity672

error in the CDR tracer method, and suggests that the long-term e!ciency asymptote673

is less a”ected by nonlinearity than the short-term equilibration rate.674

The magnitude of the relative di”erences in ϱ and ς follows the surface concentra-675

tion ranking established above: largest at Vancouver Island, smallest at Japan, and in-676

termediate at Baja California and Ecuador. The extreme local values of ϑALK and ϑDIC677

discussed above are reflected in correspondingly large local deviations in ϱ and ς, most678

prominently in the Salish Sea at Vancouver Island. For ϱ, typical plume values are around679

1% at Japan (domain maximum 6.6%) and around 15% at Vancouver Island (domain680

maximum 72.6% in the Salish Sea); Baja California and Ecuador fall in between, with681

typical plume values of 5–10% and domain maxima of 14.7% and 22.5%, respectively.682

How these deviations in ϱ and ς propagate into CDR tracer estimates of CO2 flux anomaly,683

CDR e!ciency, and pH is assessed in Section 4.684

4 Verification of CDR tracer method685

We now test the CDR tracer method against the coupled truth simulations, first686

in ROMS and then in CESM.687

4.1 ROMS688

We evaluate the accuracy of the CDR tracer method for the ROMS/MARBL ex-689

periments across the four release locations and three intervention amplitudes, using the690

reference carbonate sensitivities at daily resolution (REF, Table 2). Because the CDR tracer691

equations are linear, the resulting e!ciency estimate is independent of the intervention692

amplitude (Section 2.2). Figure S24 confirms this, with relative di”erences across the three693
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Figure 6. Relative di”erence in carbonate sensitivities ω (left column) and ε (right column)

between the control run and the largest-amplitude OAE truth experiments, for the Japan (a,b),

Vancouver Island (c,d), Baja California (e,f), and Ecuador (g,h) experiments. All panels are

shown for July 1, 2000, six months after the start of the intervention. Colorbars are saturated

to highlight the large-scale pattern; the domain-wide maximum magnitude is annotated at the

bottom of each panel. The black cross marks the intervention center and the dashed circle the

90% Gaussian intervention footprint.
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Figure 7. (a) DOR e#ciency curves for all 12 ROMS/MARBL truth experiments, colored by

release location (pink: Japan, green: Vancouver Island, blue: Baja California, orange: Ecuador)

with darker shades indicating larger release amplitudes. Colored lines show the true e#ciency

EDOR, thick black lines show the CDR tracer estimate ẼDOR for each location (Eq. (19)). (b) As

(a), but for OAE e#ciencies EOAE and ẼOAE (Eq. (18)). (c) Absolute error of the CDR tracer es-

timate of OAE e#ciency, ẼOAE ↔EOAE. (d) As (c), but relative error, (ẼOAE ↔EOAE)/EOAE ↗100

in %. In all panels, the vertical dashed line marks the end of the intervention (February 1, 2000).

–23–



manuscript submitted to Journal of Advances in Modeling Earth Systems (JAMES)

amplitudes of O(10↑6)% for DOR and O(10↑8)% for OAE. We therefore compare all truth694

experiments at a given location against a single CDR tracer estimate, obtained from the695

smallest-amplitude intervention (ẼX10); any other choice would yield identical results.696

Figure 7 shows CDR e!ciency curves for all 24 ROMS/MARBL truth experiments697

alongside their CDR tracer estimates, with DOR in panel (a) and OAE in panel (b). We698

first consider the truth experiments (colored lines). The three amplitude curves within699

each location are nearly indistinguishable, confirming that the truth experiments behave700

close to linearly across the three orders of magnitude tested. Vancouver Island and Ecuador701

show higher e!ciency than Baja California and Japan, consistent with the analysis in702

Section 3: stronger vertical mixing at the latter two locations carries the alkalinity anomaly703

or DIC deficit away from the surface, reducing contact with the atmosphere and lower-704

ing e!ciency. The DOR and OAE e!ciency curves are qualitatively very similar in shape,705

consistent with Zhou et al. (2026). The OAE curves (panel b) reach lower values than706

the DOR curves (panel a), because the theoretical maximum e!ciency for OAE is ς rather707

than 1. The e!ciency curves are still rising at the end of the two-year period, as full equi-708

libration can take a decade or longer. A longer-term evaluation over 15 years is provided709

by the CESM experiments (Section 4.2).710

The CDR tracer estimates (thick black dashed lines) are nearly indistinguishable711

from the truth curves for both DOR and OAE (Figure 7(a,b)). The lower row of Fig-712

ure 7 quantifies the error. Since the DOR and OAE relative error curves are very sim-713

ilar (Figure S25), we focus on the OAE errors. Panel (c) shows the absolute error ẼOAE
↑714

E
OAE, which increases with intervention amplitude, as expected: larger perturbations715

displace the carbonate state further from the control, increasing the nonlinearity error.716

The CDR tracer method systematically overestimates CDR e!ciency, as predicted by717

the box model in Section 3, except during the early phase of the intervention (left of the718

dashed vertical line), which we discuss below. The absolute errors peak between 3.5 to719

7 months after the intervention start, with the largest errors at Vancouver Island, which720

also has the largest absolute e!ciency values.721

Panel (d) shows the relative error (ẼOAE
↑E

OAE)/EOAE and reveals a distinct two-722

phase behavior. In the first few days of the intervention the relative error is large and723

negative, reaching down to ↑15%. This reflects division by near-zero e!ciency values724

at early times; the corresponding absolute error remains below 0.001 in magnitude for725

all experiments throughout this initial phase (panel (c)). After this initial phase, the er-726

ror turns positive, consistent with the box model prediction of systematic overestima-727

tion. For the largest-amplitude OAE experiments, it peaks in early to late February, one728

to four weeks after the end of the intervention, with maximum values of 1.9, 3.6, 6.7, and729

8.0% at Japan, Baja California, Vancouver Island, and Ecuador, respectively. The ϱ de-730

viation ranking established in Section 3 (smallest at Japan, largest at Vancouver Island,731

and intermediate at Baja California and Ecuador) explains much of this ordering, but732

the spatial extent of the plume over which the deviation is integrated also matters. Van-733

couver Island has the largest local ϱ deviation, while Ecuador’s is intermediate but in-734

tegrated over a much larger area; the two contributions are of comparable magnitude,735

resulting in similar peak errors of 6.7 and 8.0%. More generally, less e!cient interven-736

tions tend to be estimated more accurately by the CDR tracer method, because both737

CDR e!ciency and relative CDR tracer error decrease with increased vertical mixing.738

Japan and Baja California, where vertical mixing is stronger, indeed show not only the739

smallest e!ciencies but also the smallest relative errors. Because the largest-amplitude740

experiments are deliberately extreme (Section 2.4.1), the errors discussed above repre-741

sent an upper bound on the nonlinearity error; for the mid-amplitude experiments, the742

relative error remains below 1% at all locations and times after the initial phase.743

The two-phase error pattern seen in Figure 7 reflects two distinct contributions:744

nonlinearity of the biogeochemical system (second phase), and inexactness in the imple-745

mentation of the CDR tracer linearization (first phase). This is analogous to the distinc-746
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tion in adjoint modeling between errors due to model nonlinearity and errors from in-747

exact adjoint code (see Appendix A in Loose et al., 2020). Some of this inexactness arises748

from discretization: the CDR tracer equations are derived by linearizing the continuous749

equations (in Section 2.1) and then discretized independently of the MARBL code, so750

their discrete form does not exactly match the linearization of the discrete truth model.751

In our implementation, this manifests, for example, in the order of operations between752

the MARBL biogeochemistry (used by the truth experiments) and the passive tracer mod-753

ule (used by the CDR tracer experiments) within a single time step: the CDR tracer air–754

sea gas exchange term is evaluated using tracer concentrations at the beginning of the755

time step, whereas the MARBL DIC perturbation has already been partially updated756

by advection before air–sea gas exchange acts on it. Further inexactness arises from dif-757

ferences between the carbonate chemistry solver used o#ine to compute ϱ and ς (pyCO2SYS)758

and the one used online by MARBL, and from the daily temporal sampling of ϱ and ς759

(Text S2).760

To separate the nonlinearity of the biogeochemical system from implementation in-761

exactness, Figure S26 shows the e!ciency di”erences between truth experiments at dif-762

ferent amplitudes (small minus medium, and small minus large). Because these di”er-763

ences involve only truth experiments and no CDR tracer output, they isolate the non-764

linearity of the biogeochemical system independent of the CDR tracer method. Com-765

paring Figure S26(f) to Figure 7(d), the initial negative phase in panel (d) is absent in766

Figure S26(f): di”erences between small- and large-amplitude truth experiments start767

at zero and grow positive from the outset (Figure S26(c–f)), confirming that the initial768

negative phase in Figure 7(d) is an implementation artifact rather than a signature of769

system nonlinearity. Once the relative error in Figure 7(d) has also turned positive, it770

closely mirrors the amplitude-dependent di”erences in Figure S26(e,f), indicating that771

the dominant source of error at this stage is system nonlinearity rather than implemen-772

tation inexactness. As expected, the implementation inexactness error is small and only773

apparent in the first few days of panel (d), where division by near-zero e!ciency values774

inflates its apparent magnitude.775

The CDR e!ciency is a quantity integrated over space and time. Figure 8 provides776

a more stringent field-level assessment by comparing the CDR tracer estimate cωDIC di-777

rectly against the truth ϑDIC as spatial snapshots, without the smoothing e”ect of space-778

time integration. The true ϑDIC fields are shown for the largest-amplitude Vancouver779

Island and Japan OAE experiments (panels (b,c)), and the CDR tracer error cωDIC ↑780

ϑDIC in panels (e,f). Consistent with the systematic overestimation of CDR e!ciency781

seen in Figure 7, the error is positive throughout the plume, with no evidence of com-782

pensating errors that would be reflected by a mixed positive-negative error pattern.783

The magnitude of the error di”ers markedly between the two locations. At Japan,784

the error is approximately two orders of magnitude smaller than the signal (typical plume785

values of ⇐3mmolm↑3 against an error of ⇐0.03mmolm↑3). At Vancouver Island, the786

error is roughly one order of magnitude smaller than the signal over most of the plume,787

but reaches values of the same order of magnitude in the narrow coastal passages near788

Port Hardy, Victoria and Vancouver (domain maxima 86.6 vs. 65.2mmolm↑3), where789

we identified extreme deviations in ϱ in Section 3 (Figures 5, 6). In these passages, the790

ϑALK signal is represented accurately by the CDR tracer (panels (a,d); domain max-791

ima 338 vs. 0.14mmolm↑3, three orders of magnitude smaller), confirming that the pas-792

sive tracer transport is correct. The large ϑDIC error arises instead from the nonlinear-793

ity: the extreme local accumulation of alkalinity produces a drastic, unrepresented change794

in ϱ, causing the CDR tracer to overestimate CO2 drawdown in these areas by approx-795

imately a factor of two. Despite these local extremes, their impact on the domain-integrated796

CDR e!ciency error remains limited (Figure 7), as the narrow passages represent only797

a small fraction of the total area covered by the intervention plume. However, the lo-798

cal misrepresentation of ϑDIC does a”ect the local pH reconstruction, as we show next.799
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Figure 8. Surface response fields and CDR tracer errors for the largest-amplitude OAE ex-

periments at Vancouver Island (a,b,d,e) and Japan (c,f), on July 1, 2000, six months after the

intervention start. Top row: true ϑALK (a) and ϑDIC (b) for V1000→, and true ϑDIC (c) for

J1000→. Bottom row: CDR tracer error (cωALK ↔ ϑALK and cωDIC ↔ ϑDIC) for the correspond-

ing fields in the top row. Absolute rather than relative errors are shown, as near-zero values of

ϑALK and ϑDIC in the truth fields would render the relative error meaningless over much of the

domain. All colorbars are saturated; the domain-wide absolute maximum is annotated in each

panel.

Figure 9. Maximum surface pH change max(ϑpH), where the maximum is taken over all sur-

face grid points, for the low- (a), mid- (b), and high-amplitude (c) DOR experiments. Colored

lines show the truth, with colors indicating release location (pink: Japan, green: Vancouver Is-

land, blue: Baja California, orange: Ecuador). CDR tracer estimates are shown as thick black

lines (dashed: Japan, solid: Vancouver Island, dotted: Baja California, dash-dot: Ecuador).
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As a final check, we verify the induced change in surface pH, the chemical impact800

most relevant to environmental thresholds for ocean-based CDR. Unlike the quantities801

above, pH is not carried by the CDR tracer framework but reconstructed o#ine: we com-802

pute pHpert from [DIC]ctrl+cωDIC and [ALK]ctrl+cωALK using pyCO2SYS (Section 2.2).803

The truth pHpert is diagnosed online in the MARBL truth experiments. In both cases804

the anomaly is ϑpH = pHpert
↑ pHctrl, where pHctrl is diagnosed online in the control805

run. Because the CDR tracer estimate of pH is computed from the reconstructed car-806

bonate state via pyCO2SYS, the CDR tracer estimate of ϑpH does not scale linearly with807

intervention amplitude (Figure 9): the nonlinearity is introduced by the carbonate chem-808

istry solver itself, operating on a state shifted by cωDIC and cωALK.809

We assess the accuracy of the CDR tracer method through the domain-wide max-810

imum of ϑpH over all surface grid points, which captures the peak local impact (Figure 9).811

For the low- and mid-amplitude experiments, the CDR tracer estimate reproduces this812

quantity accurately across all locations, with a slight underestimation at Vancouver Is-813

land of up to 0.002 (while the signal is in the 0.05 range), occurring around four to five814

months after the intervention start. For the high-amplitude experiments, the CDR tracer815

remains accurate at Japan, Baja California, and Ecuador, but shows a significant error816

at Vancouver Island (Figure 9(c)). The domain-wide maximum ϑpH at Vancouver Is-817

land is about 0.52 and located in the narrow coastal passages near Port Hardy, Victo-818

ria, and Vancouver, where extreme signal accumulation was identified in Section 3. The819

CDR tracer reproduces the initial ϑpH maximum of 0.52 correctly, but then overestimates820

the rate of decay, resulting in an underestimation of the domain-wide maximum ϑpH by821

up to 0.1 throughout the two-year period.822

The high-amplitude experiments produce domain-wide maximum ϑpH values of 0.12–823

0.52 across the four locations (Figure 9(c)). As anticipated from the peak fluxes of the824

interventions (Section 2.4.1), these values exceed the threshold of 0.1 commonly adopted825

in OAE modeling studies (Zhou et al., 2024; He & Tyka, 2023), which is comparable to826

the decline in surface-ocean pH since preindustrial times (Doney et al., 2009). The CDR827

tracer error in ϑpH at Vancouver Island thus arises only for an intervention intensity be-828

yond what would likely be permitted. Nevertheless, it reflects a genuine limitation of the829

method in regions of extreme signal accumulation, such as semi-enclosed coastal passages,830

where local perturbations can remain large even for more moderate interventions.831

4.2 CESM832

We now turn to the verification of the CDR tracer method in CESM/MARBL, us-833

ing truth experiments from Zhou et al. (2024, 2026) at 690 intervention locations cov-834

ering the global ocean, each run for 15 years. This gives 1,380 truth experiments in to-835

tal (690 DOR and 690 OAE).836

We begin with a selection of 12 polygons (Figure 10(a)), drawn from the four broad837

ocean basins defined by Zhou et al. (2024): the North Atlantic (polygons 000–002), the838

North Pacific (150–152), the Southern Hemisphere ocean between 0 and 60→S (350–352),839

and the Southern Ocean south of 60→S (651–653). Figure 10(b,c) show the DOR and OAE840

truth e!ciency curves alongside their CDR tracer estimates over 15 years. The CDR tracer841

estimates agree closely with the true curves across all 12 polygons and both interven-842

tion types. Figure 10(d,e) shows the relative e!ciency error. Consistent with the ROMS843

results and the box model prediction, the CDR tracer systematically overestimates ef-844

ficiency in most cases. However, the Labrador Sea polygon (000) shows a negative er-845

ror for DOR throughout, and several other polygons transition from positive to nega-846

tive error at longer timescales for both OAE and DOR. The Weddell Sea polygon (653)847

stands out as a persistent positive outlier, with a relative error that remains above 2%848

throughout the 15-year period. We return to the question of why the CDR tracer un-849

derestimates or persistently overestimates e!ciency in these cases when we examine the850
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Figure 10. CDR tracer verification for the CESM/MARBL experiments. (a) 12 selected

intervention polygons; colors match the e#ciency curves in panels (b–e). (b,c) DOR and OAE

e#ciency curves over 15 years: colored solid lines show the truth EDOR (b) and EOAE (c); thick

black dashed lines show the CDR tracer estimates ẼDOR (b) and ẼOAE (c) (Eqs. (21) and (20)).

(d,e) Relative error (Ẽ ↔ E)/E ↗ 100 (%) for DOR (d) and OAE (e).
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full 690-polygon ensemble below. Subtle di”erences between the DOR and OAE error851

curves are also apparent. For example, the Labrador Sea polygon (000) shows a nega-852

tive DOR error but a positive OAE error. The origin of these DOR/OAE di”erences is853

not further investigated here.854

Figure 11(a) shows the full ensemble of relative OAE error curves across all 690 poly-855

gons; Figure S27 shows the DOR equivalent. The general behavior mirrors that of Fig-856

ure 10: the relative error is largest at the start and decays rapidly, from an ensemble mean857

of approximately 3.5% at the intervention start to near zero by year 4, where it remains,858

with a standard deviation of approximately 1%. The absolute error, in contrast, peaks859

a few months after the intervention (Figures S28, S29).860

The 12 polygons with the largest divergence are highlighted in color, and their lo-861

cations are shown in panel (c). Contrary to what the analysis in Sections 3 and 4.1 would862

suggest, these are not the polygons with the highest CDR e!ciency (panel (b)), where863

the largest linearization errors would be expected. Instead, they fall into three groups.864

First, in the Arabian Sea, the CDR tracer begins to underestimate CDR e!ciency af-865

ter a few months; polygon 437 shows the largest error, reaching approximately ↑9% around866

year 9 and remaining near ↑8% at year 15. Second, in the subtropical North Atlantic,867

the CDR tracer likewise begins to underestimate CDR e!ciency after a few months, and868

the underestimation persists throughout the simulation. Third, on the Antarctic shelf869

in the Weddell Sea, the CDR tracer persistently overestimates CDR e!ciency, as noted870

above for polygon 653. We investigate these three groups below.871

In all three cases, the dominant source of error appears to be di”erences in the phys-872

ical model state between the truth and CDR tracer runs, in particular in mixed layer873

depth, rather than the nonlinearity of the carbonate chemistry, as we argue below. The874

truth and CDR tracer runs share the same configuration, forcing, initial conditions, and875

intervention flux, but the CESM/MARBL truth experiments were performed indepen-876

dently and at least two years before the CDR tracer runs. The physical trajectories of877

the two runs are identical only in an identical software environment (Section 2.2), which878

was not the case here, contributing an additional source of error.879

Because the physical state was not saved in the truth runs, we use the ϑALK pro-880

files as an indirect diagnostic of physical di”erences between the two runs: alkalinity is881

conserved apart from two biogeochemical feedbacks that we discuss below, so the ϑALK882

profiles of the two runs should agree if their physical trajectories are identical. Figures S32–883

S35 show that they do not. Where the CDR tracer method underestimates e!ciency (downward-884

pointing triangles in Figure 11(c), e.g., in the Arabian Sea, the subtropical North At-885

lantic, and polygon 164 o” Baja California), the ϑALK signal in the CDR tracer run is886

depleted at the surface and enhanced at depth relative to the truth (Figures S32–S34).887

This is consistent with a deeper mixed layer, which removes the signal from the surface888

faster and reduces air–sea gas exchange. In the Weddell Sea, where the CDR tracer method889

overestimates e!ciency, the opposite pattern indicates a shallower mixed layer in the CDR890

tracer run (Figure S35). Because linearization alone is expected to produce a system-891

atic overestimation (Section 3), downward-pointing triangles in Figure 11(c) generally892

mark polygons where such physical di”erences dominate the error. Upward-pointing tri-893

angles, in contrast, are consistent with either error source, so the two error sources can-894

not be distinguished from the sign of the error alone.895

In the Weddell Sea, di”erences in sea ice may contribute as well. These polygons896

are partially ice-covered during the intervention (Figure S37), and because the gas trans-897

fer velocity scales with (1 ↑ fice) (Eq. (16)), small di”erences in sea-ice concentration898

translate directly into di”erences in CO2 uptake. Their e”ect is amplified because the899

extremely shallow summer mixed layers on the Antarctic shelf confine the intervention900

signal to a thin surface layer (Figure S36), and because uptake occurs almost entirely901

within the first two months (Figure S38; Figures 10(b,c) and 11(b)). Any discrepancy902
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Figure 11. CDR tracer error in OAE e#ciency across all 690 CESM/MARBL polygons. (a)

Relative error (ẼOAE ↔ EOAE)/EOAE ↗ 100 (%) for all 690 polygons (gray). The 12 polygons

with the largest divergence, defined as
∑

t |R(t)| with R(t) = (ẼOAE(t) ↔ EOAE(t))/EOAE(t), are

highlighted in color, with polygon numbers given in the legend below panel (c). The solid and

dashed black lines show the mean and ±1 standard deviation across all 690 polygons. (b) True

OAE e#ciency E for all 690 polygons (gray), with the same 12 polygons highlighted in color. (c)

Location of all 690 polygons. The 12 colored triangles correspond to the highlighted polygons

in (a,b). Triangle size is proportional to the divergence
∑

t |R(t)| for all 690 polygons. Upward-

pointing triangles indicate polygons where the CDR tracer method net overestimates e#ciency

(
∑

t R(t) > 0) and downward-pointing triangles where it net underestimates (
∑

t R(t) < 0). Fig-

ure S30 shows the same map using the sign of ẼOAE↔EOAE at the final time step as the criterion;

the two maps are very similar.
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Figure 12. Air-sea CO2 flux anomaly for the OAE experiment at polygon 140 (P140→): com-

parison between the truth and the CDR tracer estimate. (a) Spatially integrated flux anomaly
∫∫

ϑFCO2 dx dy (truth, orange) and
∫∫

ϑF̃CO2 dx dy (CDR tracer, black dashed) as a function of

time, converted to ktCO2 month↑1. The dotted vertical line marks the end of the intervention.

(b) Di”erence between the two curves in (a),
∫∫

(ϑF̃CO2 ↔ ϑFCO2) dx dy. (c) Time-integrated true

flux anomaly
∫
ϑFCO2 dt, showing where CO2 uptake occurs spatially over the 15-year period.

The black contour marks the polygon boundary. (d) Di”erence in time-integrated flux anomaly,
∫
(ϑF̃CO2 ↔ ϑFCO2) dt. Negative values (blue) indicate where the CDR tracer underestimates CO2

uptake relative to the truth.

during this brief window therefore has an irreversible e”ect on the total uptake, explain-903

ing the persistent error throughout the simulation (Figures 10(d,e) and 11(a)).904

Finally, the two biogeochemical feedbacks that the CDR tracer method does not905

represent are unlikely to explain the observed discrepancies in CDR e!ciency and ϑALK.906

pH-sensitive NH3 outgassing reduces surface alkalinity in the truth runs and would there-907

fore produce a surface ϑALK deficit in the truth relative to the CDR tracer run, which908

is the opposite of what we observe for the underestimating polygons. For the overesti-909

mating polygons, the ϑALK profiles show a vertical redistribution of the signal rather910

than a surface-confined depletion, which is more consistent with physical di”erences than911

with NH3 outgassing. Sedimentary denitrification could a”ect air–sea exchange only if912

the signal reached the seafloor and returned to the surface, which is unlikely within the913

15-year simulations.914
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Table 3. Computational cost of truth experiments versus CDR tracer experiments on the

Perlmutter supercomputer at NERSC. Core-hours are reported per simulation year (sim year).

Speedup is the ratio of total core-hours for the truth experiments to total core-hours for the CDR

tracer experiment.

Configuration Core-hours per # Runs Total core-hours Speedup

sim year and run per sim year

ROMS/MARBL truth 27,684 12 332,210
(32 BGC tracers)

ROMS CDR tracer, OAE 18,699 1 18,699 17.8→
(2→ 12 CDR tracers)

CESM/MARBL truth 446 690 307,940
(32 BGC tracers)

CESM CDR tracer, DOR 10,995 1 10,995 28.0→
(1→ 690 CDR tracers)

CESM CDR tracer, OAE 22,890 1 22,890 13.5→
(2→ 690 CDR tracers)

So far in this section, CDR e!ciency has been the primary metric of comparison915

between truth and CDR tracer runs. CDR e!ciency is a quantity integrated over both916

space and time, and a good match could in principle arise from cancelling errors. As a917

final check, we therefore examine whether the CO2 flux anomaly predicted by the CDR918

tracer method occurs in the right locations and at the right times.919

Figure 12 shows this comparison for polygon 140 in the subtropical North Atlantic,920

one of the polygons with the largest divergence in Figure 11 (see Figures S38–40 for the921

same analysis for selected other polygons with large errors). Panel (a) shows that the922

CDR tracer method closely reproduces the spatially integrated instantaneous flux anomaly923

as a function of time. Panel (b) shows the error, which initially follows the two-phase924

structure predicted by the box model (Figure 3(d)): the CDR tracer initially overesti-925

mates the flux anomaly, transitions to underestimation at a crossover time t↔ (here oc-926

curring one to two months after the end of the intervention), and then underestimates927

the flux as the alkalinity plume travels anti-cyclonically around the subtropical gyre (panel928

(d)). After approximately six years, the CDR tracer method switches back to overesti-929

mating the flux (panel (b)), with the overestimation concentrated along 40→N and fur-930

ther north into the North Atlantic subpolar gyre (panel (d)). This late-time overestima-931

tion is not predicted by the box model and, consistent with the analysis above, we at-932

tribute it to subtle di”erences in mixed layer depth between the truth and CDR tracer933

runs.934

5 Computational savings935

The CDR tracer method yields substantial computational savings relative to run-936

ning individual truth experiments with an explicit BGC model for each intervention. These937

savings stem from two sources. First, the physical ocean state is computed only once:938

all interventions are carried simultaneously as passive tracers within a single physical in-939

tegration, rather than in separate simulations. Second, the full BGC model (32 MARBL940

tracers plus internal source-sink computations) is replaced by one or two passive trac-941

ers per intervention, with only the linearized air–sea gas exchange retained.942
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Table 3 summarizes the computational cost on the Perlmutter supercomputer at943

the National Energy Research Scientific Computing Center (NERSC). We report core-944

hours per simulation year, where a core-hour is defined as one physical CPU core occu-945

pied for one hour of wall-clock time. On Perlmutter, each CPU compute node provides946

128 physical cores (two AMD EPYC 7763 sockets of 64 cores each).947

For ROMS, running 12 OAE truth experiments with MARBL required 332,210 core-948

hours per simulation year in total, while a single CDR tracer integration carrying 24 CDR949

tracers (12 pairs of cωDIC and cωALK) required only 18,699 core-hours per simulation year,950

a speedup of 17.8→. Because the CDR tracer equations are linear, a single tracer pair951

per location would in principle have su!ced to cover all three amplitudes (Section 4.1);952

we carried one pair per truth experiment to verify the linearity of the implementation953

(Figure S24). We do not report timings for the ROMS DOR CDR tracer experiments:954

our implementation carried an additional 12 conservative tracers to track the cumula-955

tive DIC sink applied by the intervention, which doubled the tracer count and resulted956

in a compute time similar to that of the ROMS OAE CDR tracer integration. Future957

implementations should instead use a dedicated diagnostic for this purpose, as done in958

the CESM implementation.959

For CESM, 690 truth experiments (OAE or DOR) with MARBL required 307,940960

core-hours per simulation year. A single CDR tracer integration for DOR, carrying 690961

cωDIC tracers, required 10,995 core-hours per simulation year, a speedup of 28.0→. The962

corresponding OAE integration, carrying 1,380 tracers (690 pairs of cωDIC and cωALK),963

required 22,890 core-hours per simulation year, a speedup of 13.5→. We performed sep-964

arate CDR tracer integrations for OAE and DOR for bookkeeping convenience; all trac-965

ers could in principle have been carried in a single integration. The number of passive966

tracers that can be carried simultaneously is ultimately limited by available memory, since967

each tracer requires storing its full three-dimensional concentration field, setting a prac-968

tical upper bound on the number of interventions per integration. The experiments pre-969

sented here ran on 7 compute nodes and memory was not a limiting factor.970

Consistent with the fact that tracer advection is generally one of the dominant costs971

of ocean model integrations, the reduction in tracer count appears to be the primary source972

of savings. The ratio of BGC tracers to CDR tracers per intervention provides a rough973

guide: the CESM DOR speedup of 28.0→ is broadly consistent with a ratio of 32:1, and974

the CESM and ROMS OAE speedups of 13.5→ and 17.8→ with a ratio of 32:2 (i.e., a fac-975

tor of 16). This correspondence should not be interpreted as a linear relationship between976

tracer count and cost. Adding tracers increases not only computation but also memory977

access and MPI communication, whose costs depend on how well a given configuration978

is scaled and load-balanced. The speedup therefore also depends on the configuration,979

including the relative cost of physics, BGC, and tracer transport. Given that ROMS and980

CESM di”er in model, resolution, domain, number of tracers, and computational setup981

(e.g., number of nodes), it is not surprising that their OAE speedups di”er; both nev-982

ertheless remain close to the tracer-count ratio of 16. A detailed, configuration-specific983

scaling analysis would be required to determine at what point adding CDR tracers to984

a single integration becomes less e!cient than distributing them across several integra-985

tions.986

6 Robustness to the Choice of ω and ε987

Figure 13 shows OAE e!ciency curves and their relative errors for the CDR tracer988

experiments using degraded or externally derived carbonate sensitivities (Table 2, Sec-989

tion 2.5). The DOR results are very similar to the OAE results and are shown in Fig-990

ure S41; absolute error curves for both intervention types are shown in Figures S42, S43.991
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Figure 13. OAE e#ciency curves (Eq. (18)) for the largest-amplitude experiments at each of

the four release locations: Japan (a,b), Vancouver Island (c,d), Baja California (e,f), and Ecuador

(g,h). Left column (a,c,e,g): truth EOAE (dashed black) and CDR tracer estimates ẼOAE (solid

colored lines) for the seven carbonate sensitivity configurations listed in Table 2. Right column

(b,d,f,h): corresponding relative error (ẼOAE↔EOAE)/EOAE↗100, expressed as a percentage. The

dashed black line marks zero error.
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The monthly-mean configuration (MON) performs as well as the daily reference (REF)992

across all four locations, with the two relative error curves almost indistinguishable. The993

similarity reflects the fact that monthly averaging preserves almost the entire spatial vari-994

ability of the daily carbonate sensitivity fields (Figures S44–S54), with only modest degra-995

dation near Ecuador where sub-monthly variability in ϱ and ς driven by tropical insta-996

bility waves is smoothed out by monthly averaging (Figures S53, S54). This manifests997

in the e!ciency curves: Ecuador is the only location where the daily configuration out-998

performs the monthly one, reducing the peak relative error from approximately 10% for999

MON to 8% for REF (Figure 13(h)). At Japan, Vancouver Island, and Baja California, MON1000

marginally outperforms REF (Figure 13(b,d,f)), likely due to a cancellation of errors. For1001

example, near Baja California MON shows a slight positive bias in ϱ (Figure S52) and a1002

slight negative bias in ς (not shown) relative to REF. Both act to reduce the CDR tracer’s1003

systematic overestimation of e!ciency and partially o”set it.1004

Further degrading to the time-mean (MEAN) leads to a serious deterioration at all1005

locations except Baja California, where a similar cancellation of errors keeps the error1006

near zero after approximately four months after intervention start (Figure 13(f)). The1007

largest degradation occurs at Japan and Ecuador (Figure 13(b,h)): time-averaging wipes1008

out the mesoscale eddy activity along the Kuroshio imprinted on ϱ and ς (Figure S47,1009

S48), and eliminates the variability of the equatorial current system driven by tropical1010

instability waves and ENSO, neither of which is captured by a time-mean (Figures S53,1011

S54).1012

The single domain-wide constants (CONST, ϱ = 18.7, ς = 0.82) were intended as1013

a worst-case scenario. Their performance depends on how close the constants are to the1014

local values at each intervention site. Near Ecuador, the constants happen to be close1015

to the local ranges, so CONST outperforms the external products CESM and SODA at that1016

location (Figure 13(h)). Near Vancouver Island, where the local ϱ and ς typically lie in1017

the ranges 8–14 and 0.84–0.89, respectively, the prescribed constants fall far outside the1018

local ranges and the errors are large (Figure 13(d)).1019

Using ϱ and ς from CESM (CESM) or OceanSODA-ETHZ (SODA-mon, SODA-clim)1020

leads to substantially larger errors than the self-consistent carbonate sensitivities derived1021

from the ROMS/MARBL control run. For example, six months after the intervention,1022

REF and MON give relative errors of 0-5% across all locations, while CESM gives errors of1023

5-24% and SODA-clim errors of 2-26%, with the largest errors at Ecuador and Vancou-1024

ver Island for both external products. The SODA products outperform CESM at some lo-1025

cations but not others. SODA-mon and SODA-clim give similar results except at Japan,1026

where strong interannual variability in the Kuroshio drives significant di”erences between1027

the two (Figure 13(b)).1028

To summarize, of the degradations tested, only temporal averaging to monthly res-1029

olution (MON) leaves the CDR e!ciency essentially unchanged relative to the daily ref-1030

erence, because it preserves the spatial structure of ϱ and ς. Text S2 discusses the ap-1031

proximations involved in such temporal averaging and gives practical recommendations1032

for preparing ϱ and ς at daily and monthly frequency. Further temporal or spatial degra-1033

dation (MEAN, CONST) substantially increases the error, as does using ϱ and ς from an1034

independent model or observation-based product, except in isolated cases that appear1035

to reflect cancellations of errors rather than genuine skill. We note that all results in this1036

section use ROMS/MARBL as the “truth”. In real MRV applications, the choice of phys-1037

ical model and BGC model is itself a source of uncertainty, and the spread across con-1038

figurations in Figure 13 may provide a practical way to map out some of this uncertainty.1039

This idea is further discussed in Section 7.1040
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7 Discussion1041

We discuss the e!ciency and accuracy of the CDR tracer method, the nature of1042

its linearization error, its generality and limitations, and its relation to other approaches,1043

before closing with an outlook on possible extensions and applications.1044

7.1 E!ciency and accuracy1045

The CDR tracer method introduced here o”ers a computationally e!cient alter-1046

native to explicit coupled physics–biogeochemistry simulations for ocean-based CDR mod-1047

eling. By replacing the full BGC model with one (DOR) or two (OAE) passive tracers1048

per intervention and a linearized air–sea gas exchange term, the method achieves speedups1049

of 13.5–28→ over the equivalent ensemble of MARBL-coupled truth experiments (Table 3).1050

The dominant source of savings is the reduction in tracer count: the CESM DOR speedup1051

of 28→ closely matches the 32:1 ratio of MARBL tracers to CDR tracers, and the OAE1052

speedup of 13.5→ the 32:2 ratio. Implementation requires only a source term for the in-1053

tervention and a linearized gas exchange term (Eqs. (12)–(13)), which slot into the ex-1054

isting passive-tracer machinery of any ocean model. The additional code is correspond-1055

ingly minimal for ROMS (157 lines added, 29 removed), though more substantial for CESM1056

(1,695 added, 66 removed) due to POP2’s modular architecture, which required a ded-1057

icated passive-tracer package with its own initialization, restart handling, and namelist1058

interface. Both implementations are released as open source (Appendix B). The ROMS1059

implementation is further distributed as CDR LiTE (CDR Linear Tracer Estimation)1060

within [C]Worthy’s C-Star platform (C-Star contributors, 2025), which additionally pro-1061

vides the workflow for diagnosing ϱ and ς online from a control run and prescribing them1062

as input fields in the CDR tracer run. Practical recommendations for preparing ϱ and1063

ς are given in Text S2.1064

Beyond being computationally e!cient and straightforward to implement, the CDR1065

tracer method is accurate: the linearization of the carbonate chemistry introduces only1066

small errors in CDR e!ciency, provided that the carbonate sensitivities ϱ and ς are pre-1067

scribed at daily or monthly resolution (Section 6). We consider the relative error after1068

the first few days of the intervention, during which it is artificially inflated by division1069

by near-zero e!ciency values. In the ROMS experiments, the relative error in OAE ef-1070

ficiency then remains below 1% for the mid-amplitude experiments, which correspond1071

to an ambitious but plausible regional deployment (Section 2.4.1). Even for the delib-1072

erately extreme largest-amplitude experiments, it peaks at only 1.9–8.0% one to four weeks1073

after the end of the intervention and decays to below 1% at all four locations by the end1074

of the two-year integrations. In CESM, where the intervention flux of Zhou et al. (2024)1075

was chosen to keep the surface pH increase generally below 0.1, the relative error aver-1076

aged over all 690 polygons is 3.5±2% at the start of the intervention and decays to 0±1077

1% by year 4. Only two polygons, both in the Arabian Sea, exceed 5% in magnitude at1078

later times. These late-time errors likely reflect di”erences in the physical model state1079

between the truth and CDR tracer runs, in particular in mixed layer depth, which are1080

unrelated to the CDR tracer method itself (Section 4.2). More generally, because the CESM1081

truth and CDR tracer runs do not share identical physical trajectories, the CESM er-1082

rors combine the linearization error with the e”ect of these physical di”erences, which1083

we cannot separate.1084

The errors reported above are small compared with other sources of uncertainty1085

in modeled CDR e!ciency. Within the same CESM/MARBL configuration, Yankovsky1086

et al. (2025) find that OAE e!ciency varies by up to 50% between seasons, and that in-1087

terannual variability across 16 January releases produces standard deviations in e!ciency1088

of 0.01–0.06. In contrast, the absolute error of the CDR tracer method in CESM peaks1089

at 0.005 ± 0.004 (mean ±1 standard deviation across all 690 polygons) and decays to1090

0.000±0.004 thereafter (Figure S28). The few polygons with larger errors, of up to 0.04,1091
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likely owe these to di”erences in mixed layer depth rather than to the linearization (Sec-1092

tion 4.2). Notably, Yankovsky et al. (2025) consider this level of error acceptable for MRV:1093

their impulse response approach, which neglects interannual variability, reconstructs multi-1094

year deployments to within 7%, and to within 1% in most regions. The CDR tracer method1095

achieves smaller errors without assuming time invariance, since each intervention is sim-1096

ulated explicitly under the actual time-varying circulation. Di”erences between models1097

are larger still: comparing CESM/MARBL with ECCO-Darwin, Tyka et al. (2026) find1098

that OAE e!ciency typically di”ers by 10–20% during the first seven years after release,1099

and by up to 50% in extreme cases. They attribute these di”erences mainly to vertical1100

transport and wind speeds, with carbonate chemistry playing a smaller role. The un-1101

certainty in modeled CDR e!ciency thus appears to be dominated by ocean physics rather1102

than by the carbonate chemistry that the CDR tracer method linearizes.1103

7.2 Nature of the linearization error1104

Although small, the linearization error of the CDR tracer method is not random:1105

it has a systematic sign and a magnitude that depends predictably on the intervention1106

and its setting. The CDR tracer method overestimates CDR e!ciency, as predicted by1107

the box model (Section 3) and confirmed by the ROMS experiments (Section 4.1). This1108

bias follows directly from the linearization: because the CDR tracer uses the control val-1109

ues of ϱ and ς, it misses the increase in ϱ and decrease in ς that the intervention itself1110

induces, and therefore overestimates both the rate of CO2 uptake and its long-term plateau.1111

The bias is, however, so small that it is easily masked by di”erences in the physical model1112

state between the truth and CDR tracer runs, which arise when the two are not performed1113

in identical hardware and software environments (Section 2.2) and are unrelated to the1114

CDR tracer method itself. In CESM, such di”erences dominate the error at later times1115

and cause the CDR tracer to underestimate e!ciency in some regions (Section 4.2). We1116

observed the same e”ect in ROMS (not shown): when the truth and CDR tracer runs1117

used executables built in di”erent software environments, the resulting di”erences were1118

comparable to the linearization error of the mid- and small-amplitude experiments.1119

The magnitude of the linearization error is controlled primarily by vertical mix-1120

ing. Strong vertical mixing carries the intervention signal away from the surface, which1121

both reduces the CDR e!ciency and lowers the surface concentrations of ϑALK and ϑDIC.1122

Lower surface concentrations, in turn, cause smaller deviations of ϱ and ς from their con-1123

trol values, explaining why less e!cient interventions tend to have smaller relative er-1124

rors (Section 4.1). Horizontal spreading also lowers surface concentrations, but its e”ect1125

on the error is partly o”set because the smaller deviations in ϱ and ς then act over a larger1126

area. The error is dominated by the deviation in ϱ, which is about an order of magni-1127

tude larger than that in ς (Section 3). Since ϱ governs the equilibration rate for both1128

intervention types, DOR is not an easier problem for the CDR tracer method than OAE,1129

consistent with their nearly identical relative error curves. For OAE, the long-term ef-1130

ficiency plateau additionally depends on ς, but its smaller deviations make this a minor1131

contribution. To second order, the error for both DOR and OAE may also depend on1132

the background carbonate state: ϱ varies more steeply with ALK and DIC at higher val-1133

ues of ϱ (Figure 3(a)), so a given perturbation would produce a larger deviation in ϱ,1134

and hence a larger error, in regions of high control ϱ. We have not quantified this e”ect1135

here, and expect it to be secondary to that of vertical mixing.1136

7.3 Generality and limitations1137

The CDR tracer method is general: it applies to any model in which air–sea CO21138

exchange follows the bulk form of Eq. (1) with a gas transfer velocity k that does not1139

depend on the carbonate system variables (Section 2.1), and makes no assumptions about1140

model resolution or intervention type. Transport of the CDR tracers is handled entirely1141

by the host model’s passive-tracer machinery, so the method inherits whatever physics1142
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the model resolves. We have demonstrated this in two configurations that di”er in phys-1143

ical model, resolution, and region: a mesoscale-resolving 12 km regional ROMS setup and1144

a non-eddying 1→ global CESM setup. Regarding intervention type, we have tested OAE1145

and DOR, but the formulation equally accommodates mixed interventions such as ERW,1146

which add both alkalinity and DIC, by prescribing both source terms SωDIC and SωALK1147

(Section 2.2). In principle, any intervention that creates a surface DIC deficit can be rep-1148

resented in this way. For biotic approaches such as ocean fertilization or macroalgae cul-1149

tivation, however, the induced deficit itself depends on biological processes and the dura-1150

bility of organic carbon export, which the CDR tracer method does not model. More gen-1151

erally, the method tracks the fate of a prescribed perturbation, whereas quantifying that1152

perturbation, for example by accounting for incomplete feedstock dissolution or secondary1153

precipitation, remains a method-specific task outside its scope.1154

The CDR tracer method also has several limitations. First, although it reproduces1155

CDR e!ciency accurately, the linearization can cause substantial local errors where the1156

intervention signal accumulates, such as in the narrow coastal passages near Vancouver1157

Island (Section 4.1). There, the unrepresented local change in ϱ causes the CDR tracer1158

to overestimate ϑDIC by up to a factor of two and to underestimate the maximum sur-1159

face pH increase, which peaks at 0.52, by up to 0.1 during its subsequent decay. We found1160

such errors only for the deliberately extreme largest-amplitude experiments, but they1161

can arise in any region with long residence times, such as semi-enclosed basins or shal-1162

low coastal passages. Similar errors may occur near concentrated point-source releases,1163

which our experiments, with interventions imposed over large areas, do not represent.1164

In practice, deployments producing such extreme local accumulation would likely not be1165

permitted, since regulatory limits on pH perturbations constrain the rate at which al-1166

kalinity can be added at a given site (Bach et al., 2026), although accumulation could1167

still arise from multiple deployments within the same basin. The CDR tracer run itself1168

provides a way to detect such regions: because ϑALK is approximately conserved, its passive-1169

tracer counterpart cωALK reproduces it accurately even where cωDIC does not reproduce1170

ϑDIC (Section 4.1). A simple safeguard is therefore to define a threshold for cωALK. Where1171

this threshold is locally exceeded, the pH reconstruction should not be trusted, while in-1172

tegrated quantities such as CDR e!ciency may remain reliable if the a”ected area is small.1173

Second, by omitting the biogeochemical model, the CDR tracer method provides1174

no information on biological responses to the intervention, and hence on potential en-1175

vironmental harms or co-benefits beyond changes in the carbonate system, such as pH1176

and saturation state, which can be reconstructed o#ine. In this respect, however, lit-1177

tle is lost relative to the coupled model, since biogeochemical models such as MARBL1178

do not currently represent the organism- and ecosystem-level responses to alkalinity per-1179

turbations that environmental assessments require. More relevant for CDR quantifica-1180

tion is that the method cannot capture biogeochemical feedbacks on the carbonate sys-1181

tem. In our MARBL configuration, these feedbacks, pH-sensitive NH3 outgassing and1182

sedimentary denitrification, were not a dominant source of error (Section 4). Other bio-1183

geochemical models or configurations may include additional feedbacks, for example cal-1184

cification or secondary CaCO3 precipitation that depend on the saturation state. We ex-1185

pect these to be small at CDR-relevant amplitudes. Near point-source releases, however,1186

perturbations are concentrated in a near field that is not resolved by the models used1187

here, which may enhance these feedbacks. Where such conditions are likely, for exam-1188

ple near point-source releases or in particle-rich coastal settings, the error of the CDR1189

tracer method should be reassessed against the corresponding coupled model.1190

Third, like the truth experiments and many modeling studies of ocean-based CDR1191

(e.g., Zhou et al., 2024; Yankovsky et al., 2025; Tyka et al., 2026), the CDR tracer method1192

assumes a non-responsive atmosphere, in which atmospheric pCO2 is una”ected by the1193

intervention. It therefore quantifies the additional oceanic CO2 uptake, but not the sub-1194

sequent repartitioning of carbon among the ocean, atmosphere, and land reservoirs, which1195
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partially o”sets the removal on longer timescales (Oschlies, 2009; Tyka, 2025). Account-1196

ing for this repartitioning requires coupling to an interactive atmosphere and land car-1197

bon cycle, or a posteriori corrections based on e!ciency metrics that account for it (Tyka,1198

2025). Because the explicit coupled simulations share this assumption, it does not af-1199

fect the comparison presented here.1200

7.4 Relation to other approaches1201

Simplified tracer approaches have been used previously to model ocean-based CDR.1202

Ho et al. (2026) represent the DIC deficit induced by OAE with a single passive tracer1203

that outgasses at a constant gas transfer velocity divided by a fixed value of ϱ. Com-1204

pared with Eq. (12), this formulation makes three simplifications: k and ϱ are held con-1205

stant, and the coupling term ς cωALK is omitted, so that the OAE intervention is e”ec-1206

tively treated as a DOR intervention. For their application, a six-day simulation within1207

a single estuary, constant values of k and ϱ are a reasonable approximation. Over larger1208

domains and longer timescales, however, all three simplifications matter. The gas trans-1209

fer velocity k varies strongly with wind speed, sea-ice cover, and temperature, and these1210

variations shape where and when the induced CO2 uptake occurs. ϱ likewise varies sub-1211

stantially in space and time, and prescribing a single constant value can lead to large er-1212

rors in CDR e!ciency (Section 6). Finally, the online coupling to cωALK through a spa-1213

tially and temporally varying ς is essential for reproducing OAE e!ciency curves. Of-1214

fline alternatives, such as scaling DOR e!ciency curves by area-weighted values of ς, do1215

not fully recover the OAE response (Zhou et al., 2026), whereas the coupled formula-1216

tion used here does. The linearized equilibration underlying the CDR tracer method has1217

also been used diagnostically. Tyka et al. (2026) express the rate of change of the DIC1218

deficit, ς ϑALK ↑ ϑDIC, through the same factor k/ϱ as in Eq. (12), and reconstruct1219

the equilibration rate o#ine from coupled model output to attribute inter-model di”er-1220

ences to individual parameters. The CDR tracer method applies this relation online as1221

a prognostic equation, replacing the coupled biogeochemical model rather than diagnos-1222

ing it.1223

A di”erent route to computational savings has been suggested: retaining the car-1224

bonate chemistry but switching o” the biological model. Tyka et al. (2026) show that1225

switching o” 29 of the 31 biogeochemical tracers in ECCO-Darwin has a negligible ef-1226

fect on OAE e!ciency. Since both approaches reduce the number of advected tracers to1227

about two per intervention, their computational savings may be broadly comparable. The1228

CDR tracer method nevertheless o”ers three practical advantages. First, it carries all1229

interventions within a single integration, whereas the alternative requires a separate in-1230

tegration per intervention unless multiple copies of the carbonate system are implemented1231

(MARBL, for instance, provides two copies). Second, it requires no online carbonate chem-1232

istry solver, which reduces both computational cost and implementation e”ort. Third,1233

it avoids drift in the background carbonate state. Both approaches require a spin-up with1234

full biogeochemistry to establish a realistic background carbonate state, in particular the1235

vertical gradients of ALK and DIC maintained by the biological pump. When biology1236

is switched o”, these gradients are no longer maintained and the background state drifts.1237

This drift remained small over the 15-year simulations of Tyka et al. (2026), in which1238

all interventions started shortly after biology was switched o”. Because the drift accu-1239

mulates over time, however, it may matter more for interventions that start later in an1240

integration or extend over several years. The CDR tracer method avoids this drift by1241

construction: the background carbonate state, including its biologically maintained struc-1242

ture, enters only through ϱ and ς, which are diagnosed from the fully coupled control1243

run and therefore retain the e”ect of biology throughout the CDR tracer integration.1244
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7.5 Outlook1245

The linearization of the CDR tracer method could be relaxed in two ways. In the1246

first, the control surface concentrations of DIC, ALK, and nutrients, rather than ϱ and1247

ς, would be prescribed as input fields, while temperature and salinity are taken from the1248

physical model, which is identical to the control run. At each time step, the carbonate1249

system would then be solved for both the control and the perturbed surface state, [DIC]ctrl+1250

cωDIC and [ALK]ctrl + cωALK. The flux anomaly would follow directly from the result-1251

ing di”erence in pCO2 (Eq. (5)), without linearization. This is essentially a generaliza-1252

tion of MARBL’s dual carbonate chemistry to an arbitrary number of perturbed states,1253

with the control state prescribed rather than simulated. Since each intervention still re-1254

quires only one or two advected tracers and a carbonate system solve in the surface layer1255

only, most of the computational savings would be retained. The second, cheaper option1256

is to retain the second-order terms of the Taylor expansion in Eq. (6), with the required1257

derivatives of ϱ and ς prescribed as additional input fields. Both extensions would re-1258

duce or remove the systematic overestimation of CDR e!ciency and the local errors in1259

regions of signal accumulation. The tracer equations would then become nonlinear, how-1260

ever, so each intervention amplitude would have to be simulated separately, and responses1261

to simultaneous interventions could no longer be superposed. The resulting e!ciency curves1262

would also violate the linearity on which the impulse response approach of Yankovsky1263

et al. (2025) relies, so they could no longer be combined by convolution. Given the small1264

linearization error at CDR-relevant amplitudes, we consider the linear formulation prefer-1265

able for most applications, with a nonlinear extension reserved for cases of strong local1266

signal accumulation.1267

The CDR tracer method still requires a biogeochemical control run to diagnose ϱ1268

and ς, and a natural question is whether this run could be avoided altogether. Simply1269

substituting ϱ and ς from an independent model or an observation-based product leads1270

to substantially larger deviations from the coupled model (Section 6). Avoiding the con-1271

trol run would therefore require estimating the surface carbonate state of the host model1272

without simulating its biogeochemistry. Surface ALK is strongly constrained by salin-1273

ity and can be estimated from sea surface salinity and temperature using empirical re-1274

lationships (Lee et al., 2006; Carter et al., 2021). Surface DIC is more di!cult: exist-1275

ing empirical routines estimate it with larger errors when only temperature and salin-1276

ity are available, and they do not resolve its seasonal variability in the surface ocean, where1277

air-sea exchange decouples DIC from predictors such as temperature and salinity (Carter1278

et al., 2021). Machine-learned emulators trained on coupled simulations may o”er a way1279

forward. Such approaches would remove the need for a costly biogeochemical spin-up.1280

While ϱ and ς from external sources are thus no substitute for the self-consistent1281

fields, the spread they produce can be useful in its own right. The carbonate sensitiv-1282

ities ϱ and ς compactly summarize the information about the background carbonate state1283

that is relevant for air–sea CO2 exchange following an intervention, whether this state1284

comes from a biogeochemical model or an observation-based product. Running the CDR1285

tracer method with ϱ and ς from several sources, such as the self-consistent control run,1286

an independent model, and an observation-based product (Section 6), therefore isolates1287

the e”ect of the carbonate system on CDR e!ciency while keeping the physical trans-1288

port fixed. Whereas we treated deviations from the self-consistent configuration as er-1289

rors in this study, in MRV applications, where no single model can be regarded as the1290

truth, the spread across these configurations (Figure 13) could instead serve as an in-1291

expensive measure of the uncertainty associated with the carbonate system. However,1292

ϱ and ς also carry an imprint of the physical model, since they depend on temperature,1293

salinity, and the carbonate state, all of which are shaped by the circulation. In the 12 km1294

ROMS configuration, for example, ϱ and ς clearly reflect the mesoscale dynamics (Fig-1295

ures 2, S21–S23, S44-S54). This separation is therefore not perfectly clean, although our1296

results show that monthly averages, which smooth sub-monthly variability, perform as1297
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well as daily fields. How to cleanly separate the uncertainty associated with the carbon-1298

ate system from that associated with the physical model therefore remains an open ques-1299

tion, but the CDR tracer method, by allowing the two to be varied independently, of-1300

fers a promising step in this direction.1301

Finally, the computational savings of the CDR tracer method open up applications1302

that are currently prohibitively expensive with explicit coupled physics–biogeochemistry1303

simulations. These include large ensembles spanning deployment locations, seasons, and1304

years, and e!ciency atlases at higher resolution than has been feasible so far. Because1305

the largest uncertainties in modeled CDR e!ciency arise from ocean physics, in partic-1306

ular vertical mixing (Fennel, 2026; Tyka et al., 2026), the savings are perhaps best in-1307

vested in exploring this physical uncertainty, by running di”erent ocean models, or the1308

same model with di”erent mixing schemes, each with the CDR tracer method in place1309

of full biogeochemistry. Apart from small linearization errors, the CDR tracer method1310

reproduces explicit simulations at a fraction of the cost, making it a practical substitute1311

for them in the quantification of ocean-based CDR.1312

Appendix A Computation of Carbonate Sensitivities1313

The carbonate sensitivities ϱ and ς defined in Eq. (7) can be expressed in terms1314

of the speciation of the carbonate system. The sensitivity ς is the reciprocal of the iso-1315

capnic quotient introduced by Humphreys et al. (2018). In this work, ς is computed nu-1316

merically using pyCO2SYS (Humphreys et al., 2020), taking as inputs physical and bio-1317

geochemical model output: temperature, salinity, DIC, ALK, silicate, and phosphate.1318

Total borate, which pyCO2SYS includes in the alkalinity, is estimated internally from salin-1319

ity. The sensitivity ϱ then follows from the analytical expression of Tyka et al. (2026):1320

ϱ =
[DIC]

[CO2]
↑

[HCO↑
3
] + 2[CO2↑

3
]

[CO2]
ς, (A1)

where [CO2], [HCO↑
3
], and [CO2↑

3
] are the dissolved CO2, bicarbonate, and carbonate1321

ion concentrations returned by pyCO2SYS.1322

The carbonate equilibrium relates DIC, CO2, and ALK, so that any one can be ex-1323

pressed as a function of the other two. In Section 2.1, the flux anomaly is linearized by1324

expanding [CO2] = g([DIC], [ALK]) to first order (Eq. (6)). To replace ω[CO2]/ω[ALK]1325

appearing in that expansion, it is convenient to take the equivalent view [DIC] = h([CO2], [ALK]).1326

Taking the total di”erential gives1327

d[DIC] =
ωh

ω[CO2]

∣∣∣∣
[ALK]︸ ︷︷ ︸

ε

d[CO2] +
ωh

ω[ALK]

∣∣∣∣
[CO2]︸ ︷︷ ︸

ϑ

d[ALK] (A2)

with ϱ and ς defined in Eq. 7. Setting d[DIC] = 0 and solving for d[ALK]/d[CO2] yields1328

ω[ALK]

ω[CO2]

∣∣∣∣
[DIC]

= ↑
ϱ

ς
,

which is Eq. (8).1329

Note that applying the chain rule directly to ω[ALK]/ω[CO2] by expanding via DIC1330

would yield +ϱ/ς, with the wrong sign. The error arises because the held-constant vari-1331

able di”ers in each factor ([CO2] in ς↑1 versus [ALK] in ϱ), so the standard chain rule1332

does not apply. The total-di”erential approach above correctly enforces the carbonate1333

equilibrium constraint.1334
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Appendix B Open Research Section1335

All code needed to reproduce this study is available in three repositories, which doc-1336

ument the model source code, experimental designs, and workflows. The ROMS and CESM1337

implementations of the CDR tracer method are provided in https://github.com/NoraLoose/1338

CDR-Tracer-ROMS (Loose, 2026c) and https://github.com/NoraLoose/CDR-Tracer-CESM1339

(Loose, 2026a), respectively. The former also contains the setup of the ROMS/MARBL1340

truth and ROMS CDR tracer experiments, and the latter the workflow for the global CESM1341

CDR tracer experiments. The notebooks that produce all figures are provided in https://1342

github.com/NoraLoose/CDR-Tracer-Paper (Loose, 2026b).1343
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SUPPORTING INFORMATION

1 Text S1: Box model for CDR tracer error

The following box model is a simplified version of the CDR tracer framework de-
rived in Sections 2.1–2.2, reduced to a single well-mixed surface box with no horizontal
transport. It provides analytical insight into the error structure seen in the flux anomaly
and e!ciency curves between the CDR tracer estimate and the truth in the presence of
nonlinearity.

We consider a surface box of e”ective depth h, gas transfer velocity k, and inter-
vention source rate S applied over 0 → t → T . For OAE, the alkalinity anomaly is con-
servative and the DIC anomaly relaxes toward equilibrium with the atmosphere, con-
sistent with Eqs. (10)–(11) (and Eqs. (12)–(13)) but in the absence of advection and dif-
fusion. Denoting the alkalinity anomaly as A and the DIC anomaly as D, the govern-
ing equations are

dA

dt
=

S

h
(t → T ), (S1)

dD

dt
= a(ωA↑D), (S2)

where ωA↑D is the disequilibrium between alkalinity-driven DIC uptake and the cur-
rent DIC anomaly, and the relaxation rate

a =
k/ε

h
(S3)

sets the timescale of air-sea CO2 equilibration (faster for smaller ε). The air-sea CO2

flux anomaly is F = h a (ωA↑D), corresponding to ϑF̃CO2 in Eq. (14). The DOR case
is analogous, with the source S applied to the DIC equation rather than the alkalinity
equation, and ω = 1: the DIC deficit plays the role of the disequilibrium.

We solve for the disequilibrium G ↓ ωA ↑ D, which is proportional to the flux
(F = h aG):

dG

dt
= ω

dA

dt
↑ dD

dt
= ω

dA

dt
↑ aG. (S4)
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This is a linear ODE with constant coe!cients. With forcing on (dA/dt = S/h, G(0) =
0), the solution is G = ωS

ah (1↑ e→at); with forcing o” (dA/dt = 0), G decays exponen-
tially from its value at t = T . The flux anomaly is therefore

F (t) =





ω S

(
1↑ e→at

)
t → T,

ω S
(
1↑ e→aT

)
e→a(t→T ) t > T.

(S5)

Normalizing the total intervention to unity (S T = 1), the CDR e!ciency C(t) =
∫ t
0
F dt↑

has the closed form

C(t) =






ω

T

(
t↑ 1↑ e→at

a

)
t → T,

C(T ) +
ω

T
(1↑ e→aT )

1↑ e→a(t→T )

a
t > T,

(S6)

and plateaus at C(↔) = ω.

The CDR tracer method uses control-run sensitivities εctrl and ωctrl, while the truth
uses perturbed sensitivities εpert and ωpert. OAE increases ε and decreases ω, so we have
εpert > εctrl and ωpert < ωctrl. The flux anomaly error and e!ciency error are obtained
by evaluating Eqs. (S5) and (S6) with (εctrl, ωctrl) for the CDR tracer estimate and (εpert, ωpert)
for the truth, and taking the di”erence.

Figure 3(c–f) in the main text illustrates the flux anomaly and CDR e!ciency, as
well as their estimates by the CDR tracer method for the following parameter values:
εctrl = 15, εpert = 24, ωctrl = 0.85, ωpert = 0.82, h = 20m, k = 4 ↗ 10→3 cm s→1, T =
30days. The CDR tracer estimate of the flux anomaly (panel (c), green) rises faster and
reaches a higher peak than the truth (orange), because the lower εctrl implies a faster
relaxation rate actrl. After the forcing stops at t = T , both fluxes decay exponentially,
but the CDR tracer flux decays faster, so the flux error (panel (d)) is initially positive
and then crosses zero at a crossover time t↓ (dashed vertical line). Equating the t > T
expression in Eq. (S5) for the CDR tracer and truth anomaly fluxes and solving gives

t↓ = T +
1

actrl ↑ apert
ln

(
ωctrl (1↑ e→actrlT )

ωpert (1↑ e→apertT )

)
, (S7)

which for the parameter values above evaluates to t↓ = 133 days.

Integrating the flux, the CDR tracer e!ciency curve (panel (e), green) rises faster
and converges to a higher plateau ωctrl than the truth (orange, plateau ωpert). The ef-
ficiency error (panel (f)) shows an initial overestimation that decays toward a persistent
positive asymptote of ωctrl↑ωpert, reflecting the di”erence in the theoretical maximum
e!ciency between the control and perturbed carbonate states. This asymptotic o”set
is the dominant long-term error of the CDR tracer method in the presence of nonlinear-
ity.

The analytic solution above assumes constant coe!cients. To assess whether the
characteristic error structure discussed above holds under more realistic, time-varying
parameters, we extend the box model by integrating the governing equations (S1), (S2)
numerically using an adaptive Runge–Kutta scheme (RK45; a fourth-order method with
fifth-order error control for adaptive step sizing), allowing ε(t), ω(t), and h(t) to vary
in time. The mixed layer depth enters only through the relaxation rate a(t) = k/(ε(t)h(t)).
The conditions εctrl(t) < εpert(t) and ωctrl(t) > ωpert(t) are maintained at every in-
stant. The intervention lasts T = 30days and the simulation runs for five years, long
enough for the e!ciency to plateau.

We consider four scenarios (Figure S1):
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Figure S1: Time-varying parameters used in the four box model scenarios (1–4), shown
over the five-year simulation period. Rows show the mixed layer depth h(t) (top), ε(t)
(middle), and ω(t) (bottom). Columns correspond to scenarios (1) seasonal h, (2) rising ε,
(3) oscillating ε and drifting ω, and (4) all three varying simultaneously. Green lines show
the control-run values used by the CDR tracer; orange lines show the perturbed values
used by the truth. The condition εctrl(t) < εpert(t) and ωctrl(t) > ωpert(t) is maintained at
every instant in all scenarios.

(1) Seasonal h(t) (deep in winter, shallow in summer, repeating annually); ε and ω
constant with a fixed gap between control and truth.

(2) Constant h; ε(t) rising asymptotically to 1.4ε0 with the same fractional gap be-
tween control and truth; ω constant.

(3) Constant h; ε(t) oscillating sub-annually (180-day period) with a constant o”set
gap; ω(t) drifting downward asymptotically at the same fractional rate for both
control and truth.

(4) All three varying simultaneously: seasonal h(t), rising ε(t), and drifting ω(t).

Figure S2 shows the resulting flux anomaly and CDR e!ciency curves for all four
scenarios. In all four scenarios the CDR tracer overestimates the flux anomaly during
the intervention and underestimates it after the crossover time t↓. The e!ciency error
remains positive throughout and converges to a positive asymptote in all cases. The er-
ror structure seen in the constant-coe!cient case (Figure 3(c–f) in the main text) is there-
fore robust to time-varying parameters, suggesting that the box model conclusions carry
over to more realistic settings.

Text S2. Temporal sampling and averaging of ω and ε

The CDR tracer run requires ε and ω as time-varying input fields, which are pre-
scribed at a finite frequency (here daily) and interpolated in time by the model. This
text addresses three questions: which inputs the CDR tracer run ideally requires, how
well common ways of computing ε and ω approximate these ideal inputs, and how the
inputs should be interpolated in time. We then describe the choices made in this study
and conclude with practical recommendations.
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Figure S2: Box model results for the four time-varying scenarios (1–4), analogous to
Figure 3(c–f) in the main text. Rows show the CO2 flux anomaly ϑFCO2 (first row), flux
anomaly error (second row), CDR e!ciency (third row), and e!ciency error (fourth row).
Green lines show the CDR tracer estimate (using control-run carbonate sensitivities); or-
ange lines show the truth (using perturbed carbonate sensitivities). The parameter time
series for each scenario are shown in Figure S1. In all four scenarios the e!ciency error
remains positive throughout and converges to a positive asymptote, consistent with the
analytic result for constant coe!cients (Figure 3(f) in the main text).

4



To derive the ideal inputs, consider an input interval of length #t, and denote in-
terval means by ↘·≃ and deviations from them by primes. The gas exchange term in the
CDR tracer equation (Eq. (9) of the main text) is G = ↑(k/ε)D, with D = cεDIC ↑
ω cεALK, so that

↘G≃ = ↑
〈k

ε

〉
↘D≃ ↑

〈(k

ε

)↑
D↑

〉
. (S8)

The second term vanishes if, within the interval, D varies little or its fluctuations are un-
correlated with those of k/ε. For daily intervals, this holds well: k varies with the winds,
but ε and D, which are set by the water mass and the tracer distribution, change lit-
tle within a day. For longer intervals, ε and D can covary, for example when a front or
eddy advects a di”erent water mass past a grid cell, which introduces an additional er-
ror of second order. Neglecting the second term, we obtain

↘G≃ ⇐ ↑
〈k

ε

〉
↘D≃. (S9)

The gas transfer velocity k is computed online at every time step, whereas ε enters as
an input field εin. If εin is constant within the interval (i.e., applied piecewise-constant;
time interpolation is discussed below), the CDR tracer run produces ↘k≃/εin, which matches
↘k/ε≃ for

εin =
↘k≃

↘k/ε≃ . (S10)

Analogously, matching the term ↘kω/ε≃ requires

ωin =
↘kω/ε≃
↘k/ε≃ . (S11)

The ideal εin is therefore a k-weighted harmonic mean of ε, because ε appears in the
denominator of the flux, and the ideal ωin is a k/ε-weighted arithmetic mean of ω. Writ-
ing ε = ↘ε≃(1 + b) and k = ↘k≃(1 + ϖ) with ↘b≃ = ↘ϖ≃ = 0, and expanding to second
order, gives

εin ⇐ ↘ε≃
(
1↑ ↘b2≃+ ↘ϖb≃

)
. (S12)

The arithmetic mean ↘ε≃ thus deviates from the ideal input at second order, through the
relative variance of ε within the interval and its covariance with k.

In practice, ε and ω are rarely computed in this ideal form. Instead, interval-mean
fields are typically obtained in one of two ways: by averaging fields computed from the
instantaneous carbonate system state, either online at every time step or o$ine from high-
frequency snapshots, or by computing them from time-averaged state variables X. The
first approach yields ↘ε≃, which di”ers from the ideal input as quantified by Eq. (S12).
The second yields

ε(↘X≃) ⇐ ↘ε≃ ↑ 1

2



i,j

ϱ2ε

ϱXiϱXj
Cov(Xi, Xj), (S13)

which deviates further from the ideal input because of the nonlinearity of the carbon-
ate system. Both approaches thus di”er from the ideal input at second order in the vari-
ability within the averaging interval, but the first is preferable because it avoids the ad-
ditional nonlinearity error. For daily intervals, all of these di”erences are small.

So far, we have assumed that the input fields are applied piecewise-constant within
each interval. Models, however, typically interpolate input fields in time, and whether
this is appropriate depends on whether the fields represent snapshots or interval means.
Snapshots represent ε and ω at discrete times and should be interpolated linearly in time:
holding them constant until the next snapshot introduces errors of first order in #t, in-
cluding a lag of #t/2, whereas linear interpolation reduces the error to second order. In-
terval means, by contrast, represent ε and ω over the entire interval and are most con-
sistently applied piecewise-constant, as assumed above. If interval means xi are instead
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assigned to interval midpoints and interpolated linearly, the mean of the applied field
over interval i becomes (xi→1+6xi+xi+1)/8 ⇐ xi+(#t2/8) ẍ, so interpolation applies
an additional smoothing that preserves the long-term mean but redistributes the signal
between neighboring intervals. For a sinusoidal signal with angular frequency ς, inter-
val averaging reduces the amplitude by a factor sin(ς#t/2)/(ς#t/2), and subsequent
interpolation by a further factor (6+2 cosς#t)/8. For the seasonal cycle and monthly
intervals, these factors are 0.989 and 0.967; for daily intervals, both are indistinguish-
able from one. Snapshots, in turn, are appropriate only at high frequency, because vari-
ability between snapshots aliases into the input.

We now relate the choices made in this study to these considerations. For ROMS,
ε and ω are computed o$ine from daily snapshots of the carbonate system state and pro-
vided to the CDR tracer run as snapshots, which the model interpolates linearly in time,
as recommended above. Because these fields are computed from the instantaneous state,
they avoid the nonlinearity error of Eq. (S13). The remaining error arises from variabil-
ity between the daily snapshots that linear interpolation does not capture (Eqs. (S8) and
(S12)), which is small. The coarser fields used in the MON and MEAN experiments are ob-
tained by averaging these daily ε and ω snapshot fields (Section 2.5 of the main text),
and thus follow the first approach above over longer intervals, for which both the devi-
ation from the ideal input (Eq. (S12)) and the neglected covariance between ε and D
(Eq. (S8)) grow. In addition, the monthly means in the MON experiment are interpolated
linearly in time, which further smooths them. The MON and MEAN experiments therefore
measure the combined e”ect of these approximations (Section 6 of the main text). For
CESM, ε and ω are computed from daily-averaged state variables, following the second
approach, which introduces the additional nonlinearity error of Eq. (S13). The daily means
are then interpolated linearly, which adds the smoothing described above. Both e”ects
are negligible at daily resolution. Figures S6 and S7 provide an upper bound on the non-
linearity error by comparing both approaches for monthly and time-mean averaging: even
at these longer intervals, the di”erences are small compared to the e”ects of degrading
the sensitivities, although regionally significant di”erences occur. Consistent with this,
the CESM CDR tracer runs agree well with the explicit calculations (Section 4.2 of the
main text).

Based on these considerations and results, we recommend the following (summa-
rized in Table 1). At daily frequency, ε and ω should be computed from the instanta-
neous carbonate system state. They can then either be provided as daily snapshots and
interpolated linearly in time, as in our ROMS reference configuration, or be diagnosed
online, averaged over each day, and applied piecewise-constant. Computing ε and ω from
daily-averaged state variables, as in our CESM configuration, is an acceptable shortcut:
its nonlinearity error is negligible at this frequency, and so is the choice of interpolation.
At monthly frequency, ε and ω should likewise be computed from the instantaneous state,
at daily or higher frequency, and only then averaged over each month, as in our MON ex-
periment. They should not be computed from monthly-mean state variables, which in-
curs the larger nonlinearity error bounded by Figures S6 and S7, nor taken from monthly
snapshots, which alias the variability within the month. The resulting monthly means
are best applied piecewise-constant over each month, because linear interpolation, as used
in our MON experiment, further damps their variability; the MON results thus represent a
slightly conservative estimate of the accuracy achievable with monthly inputs. If ε and
ω are diagnosed online, the ideal inputs of Eqs. (S10) and (S11) can in principle be formed
directly by accumulating ↘k≃, ↘k/ε≃, and ↘kω/ε≃ in the control run, since k is identical
in the control and CDR tracer runs; we have not tested this approach here.

Text S3. Approximate expressions for ω and ε

The carbonate sensitivities ε and ω are strongly anticorrelated (Figure 2 of the main
text). To explain this, we derive approximate expressions for both. They are defined as
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Table 1: Approaches for preparing the carbonate sensitivities ε and ω as input to the
CDR tracer run (Text S2).

Input to CDR tracer
run

Interpolation Approximation errors Used here Recommended

Daily
Snapshots of ε, ω from
instantaneous state

Linear Between-snapshot
variability (Eqs. (S8),
(S12))

ROMS Yes

Daily means of ε, ω
diagnosed online

Piecewise-
constant

Within-day variability
(Eqs. (S8), (S12))

– Yes

ε, ω from daily-mean
state

Either As above, plus nonlin-
earity (Eq. (S13))

CESM Acceptable

Monthly
Monthly means of ε,
ω from instantaneous
state

Piecewise-
constant

Within-month variabil-
ity (Eqs. (S8), (S12))

– Yes

Monthly means of ε,
ω from instantaneous
state

Linear As above, plus interpo-
lation smoothing

MON (ROMS) Acceptable

Monthly means, k-
weighted (Eqs. (S10),
(S11))

Piecewise-
constant

Covariance of ε and D
(Eq. (S8))

– Best in theory
(untested)

ε, ω from monthly-
mean state

– Plus nonlinearity
(Eq. (S13); Figures S6,
S7)

– No

Monthly snapshots – Aliasing – No
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(Eq. (7) of the main text)

ε =
ϱ[DIC]

ϱ[CO2]


[ALK]

, ω =
ϱ[DIC]

ϱ[ALK]


[CO2]

, (S14)

where

[DIC] = [CO2] + [HCO→
3
] + [CO2→

3
], (S15)

[ALK] = [HCO→
3
] + 2[CO2→

3
] + [B(OH)→

4
] + [OH→]↑ [H+] + . . . , (S16)

and the dots denote minor contributions from phosphate, silicate, and other acid–base
systems. Without approximation, ε can be written as (Eq. (A1) of the main text)

ε =
[DIC]

[CO2]
↑ [HCO→

3
] + 2[CO2→

3
]

[CO2]
ω, (S17)

where ω must be computed numerically from the full alkalinity expression (Appendix A
of the main text).

To obtain analytical insight into how ε and ω depend on the state of the carbon-
ate system, we approximate alkalinity by its carbonate contribution,

[ALK] ⇐ [HCO→
3
] + 2[CO2→

3
], (S18)

i.e., we neglect borate, water, and all minor contributions. For brevity, we write C =
[CO2], B = [HCO→

3
], A = [CO2→

3
], and h = [H+], so that DIC = C + B + A and

ALK ⇐ B + 2A. The carbonate equilibria are

B =
K1C

h
, A =

K2B

h
=

K1K2C

h2
, (S19)

where K1 and K2 are the first and second dissociation constants of carbonic acid. At
fixed temperature and salinity, the logarithmic di”erentials of the equilibria are

dB

B
=

dC

C
↑ dh

h
,

dA

A
=

dC

C
↑ 2

dh

h
. (S20)

We first derive ω. At fixed CO2 (dC = 0), dB = ↑B dh/h and dA = ↑2Adh/h,
so that

dDIC = dB + dA = ↑(B + 2A)
dh

h
, dALK = dB + 2 dA = ↑(B + 4A)

dh

h
, (S21)

and hence

ω ⇐ B + 2A

B + 4A
. (S22)

For ε, we hold alkalinity fixed:

dALK = (B + 2A)
dC

C
↑ (B + 4A)

dh

h
= 0 ⇒ dh

h
= ω

dC

C
. (S23)

Substituting into dDIC = dC + dB + dA gives

ε ⇐ 1 +
(B +A)↑ (B + 2A) ω

C
=

DIC

C
↑ B + 2A

C
ω, (S24)

which recovers the exact expression above, now with ω given in closed form. Inserting
ω and using (B +A)(B + 4A)↑ (B + 2A)2 = AB yields

ε ⇐ 1 +
AB

C (B + 4A)
. (S25)
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Both sensitivities depend on the ratio of carbonate to bicarbonate ions, r = A/B:

ω ⇐ 1 + 2r

1 + 4r
, ε ⇐ 1 +

B

C

r

1 + 4r
. (S26)

Since dω/dr = ↑2/(1 + 4r)2 < 0 and d[r/(1 + 4r)]/dr = 1/(1 + 4r)2 > 0, ω decreases
and ε increases with r. Eliminating r via r = (1↑ ω)/(4ω ↑ 2) gives

ε ⇐ 1 +
B

C

1↑ ω

2
, (S27)

which makes the anticorrelation between ε and ω explicit. The prefactor B/C = K1/h
is itself larger in warm, high-pH waters, reinforcing the anticorrelation.

To assess the accuracy of these approximations, we compare them with the full so-
lution of pyCO2SYS for typical surface seawater with ALK = 2300 µmol kg→1, S = 35,
and DIC = 2050, 2100, and 2150 µmol kg→1 at T = 28, 15, and 2↔C, respectively. The
approximate ω overestimates the full value by 2–3%, whereas the approximate ε under-
estimates the full value by 25–27%. This discrepancy arises mainly from neglecting bo-
rate: when the comparison is repeated with total borate set to zero, the approximate ε
agrees with the full value to within 4%, and the approximate ω to within 0.3%. The ap-
proximations therefore capture the qualitative behavior of ε and ω, but are not used for
any computations in this study. The ε and ω fields used in this study are computed from
the full carbonate system, including borate, silicate, and phosphate contributions to al-
kalinity (Appendix A of the main text).
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Figure S3: Time-mean (left column) and standard deviation (right column) of the
carbonate sensitivity ε for three model configurations and observational products:
ROMS/MARBL (a,b), CESM/MARBL (c,d), and OceanSODA-ETHZ (e,f), all evalu-
ated over the two-year period 2000-2001 and regridded to the ROMS Pacific domain.
Statistics are computed from daily output for ROMS/MARBL and CESM/MARBL, and
from monthly output for OceanSODA-ETHZ.
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Figure S4: Same as Figure S3, but for carbonate sensitivity ω.
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Figure S5: Latitudinal dependence of ε (a,b) and ω (c,d) from OceanSODA-ETHZ,
shown as zonal means over the ROMS Pacific domain (a,c) and the global ocean (b,d).
Lines show the climatological monthly mean; shading indicates interannual variability (±1
standard deviation). All statistics are computed over 1993-2022.
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Figure S6: All panels show January 2000. (a), (c) Carbonate sensitivities ε and ω
computed from daily state variables and subsequently averaged to monthly resolution,
i.e., ε(X)

m
and ω(X)

m
, where X denotes the daily state variables and (·)

m
denotes a

monthly mean. (b), (d) Di”erences arising from reversing the order of operations, i.e.,

computing the sensitivities from monthly-averaged state variables: ε(X
m
) ↑ ε(X)

m
and

ω(X
m
)↑ ω(X)

m
.
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Figure S7: As in Figure S6, but for the two-year mean over 2000–2001 instead of the

monthly mean for January 2000, i.e., (·)
m

is replaced by (·)
l
, the long-term mean over the

two-year period. Panels (a) and (c) show the two-year means, and panels (b) and (d) the
corresponding di”erences.
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Figure S8: Surface forcing for the ROMS experiments at the four release locations (Ta-
ble 1). The figure shows the sum of all four surface forcings, which do not overlap spa-
tially. The three colorbars correspond to the three intervention amplitudes (experiment
su!xes 10, 100, 1000). DOR and OAE experiments share the same spatial distribution,
with the DIC flux in DOR assigned a negative sign. The forcing is applied over January
2000 as a Gaussian with a nominal standard deviation of 300 km, masked to ocean points
and renormalized to preserve the total integrated magnitude. For the same total inter-
vention mass, peak surface fluxes di”er by up to a factor of 1.8 across locations (e.g. 44.6,
27.2, 24.8, and 24.6molm→2 yr→1 at Vancouver Island, Ecuador, Japan, and Baja Califor-
nia for the 1Tmol experiments), owing to di”erences in the realized Gaussian width and
in the ocean footprint after land masking and renormalization. These e”ects are further
investigated in Figures S9, S10, and S11.
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Figure S9: Zonal cross-section through the release point of the unmasked Gaussian forc-
ing field, shown for each of the four release locations alongside an ideal 300 km Gaussian
(black dashed). The Gaussian filter is calibrated using a single domain-mean grid spacing,
but the ROMS grid is only approximately spatially uniform, so physical cell size varies
with location. A fixed filter scale in grid cells therefore corresponds to di”erent physi-
cal widths at di”erent locations, explaining the location-dependent peak amplitudes and
widths seen here. The land mask has not yet been applied, isolating the e”ect of the
non-uniform grid spacing from the additional e”ect of land masking and renormalization.
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Figure S10: Unmasked Gaussian forcing field (shading) and land mask (hatching) for
each of the four release locations: Japan (a), Vancouver Island (b), Baja California (c),
and Ecuador (d). The fraction of the total Gaussian mass retained over ocean points after
land masking is annotated in each panel (retained ocean fraction). This fraction varies
across locations depending on how much of the Gaussian footprint overlaps with land; the
masked flux is redistributed uniformly over the remaining ocean points to preserve the
total intervention mass.
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Figure S11: Decomposition of peak surface flux amplification relative to Japan across the
four release locations. The grid-resolution factor (blue) reflects the location-dependent
physical width of the Gaussian (Figure S9). The land-masking factor (orange) reflects
the amplification of the peak flux by 1/f , where f is the retained ocean fraction after
land masking (Figure S10), since the total intervention mass is redistributed over the
remaining ocean points. The combined e”ect (green) is the product of the two factors
and reproduces the reported peak fluxes in Figure S8. Vancouver Island has the largest
combined amplification (⇑1.80↗), driven by approximately equal contributions from both
factors (⇑1.35 each). Ecuador has a modest combined amplification (⇑1.10↗) despite a
grid-resolution factor below 1 (0.82), because the land-masking factor (1.33) more than
compensates. Baja California is nearly indistinguishable from Japan (⇑0.99↗), reflecting
a near-cancellation between the two factors (0.92 and 1.08).
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Figure S12: As Figure 4(a)–(d), but showing the 90% mass footprints of all three re-
sponse fields: ϑALK from OAE (red), ϑDIC from OAE (blue), and ϑDIC from DOR
(purple). The three contours are nearly coincident at all four locations, confirming that
horizontal advection transports the DIC and alkalinity perturbations together. Minor
di”erences between the contours, most visible at the Japan location, reflect the imprint of
mesoscale eddy variability on the spreading of individual tracer patches.
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Figure S13: January mean mixed layer depth around each intervention location: Japan
(a), Vancouver Island (b), Baja California (c), and Ecuador (d), averaged over 2000–
2001. The mixed layer depth is defined by a density-threshold criterion as the depth at
which the potential density anomaly first exceeds 0.03 kgm→3 relative to the surface value.
Red contours show the 90% mass footprint of ϑALK from the largest-amplitude OAE
experiment on February 1, 2000, one month after the intervention start, when the tracer
footprint is still close to the intervention site. Black crosses and dashed circles mark the
intervention center and 90% Gaussian footprint, respectively. The deep mixed layers
in the Japan intervention region (up to 200–300m) explain the pronounced subsurface
penetration of the Japan tracer profiles (Figure 4(e)–(g)). In contrast, Ecuador has a
very shallow January mixed layer of less than 25m, consistent with its strongly surface-
intensified vertical profiles.
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Figure S14: As Figure S13, but for July mean mixed layer depth, with the 90% mass
footprint of ϑALK shown on July 1, 2000, six months after the intervention start. By this
time the plume has spread considerably. The Japan mixed layer has shoaled dramatically
relative to January, to less than 10m, consistent with the seasonal restratification that
traps tracer below the summer mixed layer (Figure 4(e)–(g)). Although the Ecuador in-
tervention site itself has a shallow mixed layer year-round, the westward-spreading plume
encounters mixed layer depths exceeding 50m, explaining why the Ecuador vertical profile
is less surface-intensified than expected from the intervention site alone. Note the di”erent
colorbar scale relative to Figure S13.
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Figure S15: Seasonal cycle of the area-mean mixed layer depth within the 90% Gaussian
footprint of each intervention location, averaged over 2000–2001, computed using the same
density-threshold criterion as in Figures S13 and S14. Japan exhibits the largest seasonal
amplitude, with a winter maximum of approximately 130m in February and a summer
minimum of approximately 10m in July–August, driving the seasonal restratification that
traps tracer below the summer mixed layer (Figure 4(e)–(g)). Vancouver Island shows a
similarly pronounced but shallower seasonal cycle, while Baja California has a more mod-
erate amplitude. Ecuador has the weakest seasonal cycle, remaining shallow year-round
at the intervention site; however, the westward-spreading plume encounters deeper mixed
layers away from the release location (Figure S14(d)).
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Figure S16: Vertical profiles of the response inventory density as in Figure 4(e)–(g), but
shown at three additional times: one month after the intervention start (February 1, 2000;
panels a–c), twelve months after the intervention start (December 31, 2000; panels d–f),
and two years after the intervention start (December 31, 2001; panels g–i). One month
after the intervention, all profiles show a vertically uniform signal down to the mixed layer
depth, reflecting homogenization by winter convection. By December 2000, the Japan
profile has developed a pronounced subsurface peak through summer restratification and
subsequent winter deepening; the peak shifts further downward by December 2001 after
a second annual cycle. The ϑDIC profiles in the OAE experiments (middle column) are
more surface-intensified than the left and right columns, reflecting the imprint of air-sea
gas exchange.
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Figure S17: Surface alkalinity and DIC anomalies for the Japan OAE (J1000⇓) and
DOR (J1000⇔) experiments on July 1, 2000, six months after the intervention start.
Top row (a–c): wide-domain view with saturated colorbars; the dotted box indicates the
zoomed region shown in the bottom row (d–f). Bottom row (d–f): zoomed view with un-
saturated colorbars. Left column (a,d): ϑALK for J1000⇓. Middle column (b,e): ϑDIC
for J1000⇓. Right column (c,f): ϑDIC for J1000⇔. The domain-wide absolute maximum
is annotated in each panel. Black crosses and dashed circles mark the intervention center
and 90% Gaussian footprint.
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Figure S18: As Figure S17, but for the Vancouver Island location.

Figure S19: As Figure S17, but for the Baja California location.
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Figure S20: As Figure S17, but for the Ecuador location.
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Figure S21: Spatial structure of εREF and its relative di”erence from the perturbed truth
for the largest-amplitude OAE experiment at each intervention location, on July 1, 2000,
six months after the intervention start. Rows correspond to Japan (a,b), Vancouver Island
(c,d), Baja California (e,f), and Ecuador (g,h). Left column: εREF, shown to provide the
background value against which the relative di”erences in the right column are computed;
this is the same global field zoomed into each region, with annotated min and max values
restricted to that region. Right column: relative di”erence (εREF↑εX1000↗)/εX1000↗↗100,
as in the first column of Figure 6. Black crosses and dashed circles mark the intervention
center and 90% Gaussian footprint; the domain-wide absolute maximum magnitude is
annotated in each panel. 27



Figure S22: As Figure S21, but for the largest-amplitude DOR truth experiments.
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Figure S23: As Figure S21, but for ω.
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Figure S24: Linearity of the CDR tracer method, confirmed by the ROMS CDR tracer
experiments. All experiments use εREF and ωREF (Table 2). Left column: DOR exper-
iments; right column: OAE experiments. Colors indicate release location (pink: Japan,
green: Vancouver Island, blue: Baja California, orange: Ecuador); darker shades indicate
larger release amplitudes. (a,b) CDR tracer e!ciency curves Ẽ for DOR (a) and OAE (b),
for all 12 ROMS CDR tracer experiments per intervention type. (c,d) Absolute di”erence
between large-/mid- and small-amplitude CDR tracer e!ciencies. (e,f) As (c,d) but rela-
tive di”erences (%).
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Figure S25: (a) Same as Figure 7(a), showing DOR e!ciency curves EDOR and ẼDOR.
(b) Same as Figure 7(b), showing OAE e!ciency curves EOAE and ẼOAE. (c) Absolute er-
ror of the CDR tracer estimate of DOR e!ciency, ẼDOR ↑ EDOR. (d) Same as Figure 7(c),
showing the absolute error of the CDR tracer estimate of OAE e!ciency. (e) Relative er-
ror of the CDR tracer estimate of DOR e!ciency, (ẼDOR ↑ EDOR)/EDOR ↗ 100, expressed
as a percentage. (f) Same as Figure 7(d), showing the relative error of the CDR estimate
of OAE e!ciency.
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Figure S26: As Figure S25, but isolating system nonlinearity by comparing truth ex-
periments of di”erent amplitudes, rather than comparing CDR tracer estimates to truth
experiments as in Figures 7 and S25. (a,b) DOR (a) and OAE (b) e!ciency curves from
the truth experiments only, as in Figure S25(a,b) but without the CDR tracer estimates.
(c,d) Absolute di”erence between small- and large/mid-amplitude truth experiments,
EDOR

X10↘ ↑ EDOR

XA↘ (c) and EOAE

X10↗ ↑ EOAE

XA↗ (d), for the intervention locations X ↖ {J, V, B, E}
and the amplitudes A ↖ {100, 1000}. (e,f) As (c,d), but relative di”erence (%).
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Figure S27: As Figure 11, but for the DOR experiments. The 12 highlighted polygons
are selected by the same divergence criterion applied to the relative DOR error curves and
slightly di”er from those in Figure 11.
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Figure S28: As Figure 11, but showing absolute OAE error curves Ẽ(t)↑ E(t) in panel (a)
instead of relative errors. The 12 highlighted polygons are selected by the same divergence
criterion applied to the absolute OAE error curves (R(t) = (Ẽ(t)↑E(t))) and slightly di”er
from those in Figure 11.

34



Figure S29: As Figure S28, but for the DOR experiments. The 12 highlighted polygons
are selected by the same divergence criterion applied to the absolute DOR error curves.
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Figure S30: Sign of the relative CDR tracer OAE e!ciency error for all 690 polygons,
colored red (upward triangle: CDR tracer overestimates) and blue (downward triangle:
CDR tracer underestimates). Triangle size is proportional to the divergence


t |R(t)|

with R(t) = (Ẽ(t) ↑ E(t))/E(t). (a) Sign based on the cumulative criterion


t R(t), as
in Figure 11(c). (b) Sign based on the error at the final time step, Ẽ(tend) ↑ E(tend). The
two maps are very similar, confirming that the cumulative and final-time-step criteria are
largely consistent.
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Figure S31: As Figure S30, but for the relative DOR e!ciency error.
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Figure S32: Vertical profiles of the horizontally integrated alkalinity anomaly
i,j ϑALKij Aij (mmolm→1) for the OAE experiment at the Arabian Sea polygon 437

(P437⇓), at five times spanning the 15-year period. Here, Aij is the horizontal area of
grid cell (i, j), and the sum is taken over all grid cells at a given depth level. Panels (a–
e) show the truth (colored solid lines) and CDR tracer estimate (black dashed lines) in
February 1999, January 2000, January 2004, January 2009, and December 2013, respec-
tively. (f) Di”erence between CDR tracer estimate and truth (CDR tracer minus truth)
for all five times, shown on a common axis.
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Figure S33: As Figure S32, but for polygon 140 in the subtropical Atlantic.
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Figure S34: As Figure S32, but for polygon 164 near Baja California.
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Figure S35: As Figure S32, but for the Weddell Sea polygon 674.
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Figure S36: Mixed layer depth in CESM during the intervention month (January 1999),
shown in a circum-Antarctic view with polygon outlines and numbers labeled. Mixed
layers are shallow throughout the Southern Ocean in austral summer, particularly on the
Antarctic shelf.
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Figure S37: Sea ice concentration in the CESM CDR tracer run during the intervention
month (January 1999). (a) Global view. (b) Zoom into the Weddell Sea and surrounding
Southern Ocean, with polygon outlines and numbers labeled. The Antarctic shelf poly-
gons (e.g. 653) are subject to partial sea ice cover, which modulates air-sea gas exchange.
Combined with the extremely shallow mixed layers in austral summer (Figure S36), small
di”erences in sea ice concentration between the truth and CDR tracer runs can produce
disproportionately large errors in CO2 uptake and CDR e!ciency.
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Figure S38: As Figure 12, but for the Weddell Sea polygon 674.
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Figure S39: As Figure 12, but for the Arabian Sea polygon 437.
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Figure S40: As Figure 12, but for the North Atlantic polygon 11.
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Figure S41: As Figure 13, but for DOR (Eq. 19) rather than OAE.
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Figure S42: As Figure 13, but showing absolute errors ẼOAE ↑ EOAE in the right column
rather than relative errors.
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Figure S43: As Figure S42, but showing absolute errors for DOR rather than OAE.

49



Figure S44: Carbonate sensitivity ε for each of the seven CDR tracer configurations
(Table 2), shown over the full ROMS Pacific domain on January 1, 2000. εREF (a) is
the daily ROMS/MARBL reference field; εMON and εMEAN (b,c) are obtained by tem-
poral averaging to monthly and time-mean resolutions, respectively; εCONST (d) is the
single domain-wide constant obtained by additionally averaging over space. εCESM (e),
εSODA→mon, and εSODA→clim (f,g) are derived from the CESM/MARBL control run and
the OceanSODA-ETHZ product, respectively, regridded to the ROMS grid. All panels
share the same colorbar. The domain-wide minimum and maximum of each field are
annotated in each panel.
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Figure S45: As Figure S44, but showing the absolute di”erence εX↑εREF for each config-
uration X ↖ {MON,MEAN,CONST,CESM, SODA-mon, SODA-clim}.
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Figure S46: As Figure S44, but for ω.
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Figure S47: As Figure S44, but zoomed into the Japan intervention region. The colorbar
range has been adjusted to the values present in this region.
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Figure S48: As Figure S45, but zoomed into the Japan intervention region. The colorbar
range has been adjusted to the values present in this region.
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Figure S49: As Figure S44, but zoomed into the Vancouver Island intervention region.
The colorbar range has been adjusted to the values present in this region.
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Figure S50: As Figure S45, but zoomed into the Vancouver Island intervention region.
The colorbar range has been adjusted to the values present in this region.
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Figure S51: As Figure S44, but zoomed into the Baja California intervention region. The
colorbar range has been adjusted to the values present in this region.
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Figure S52: As Figure S45, but zoomed into the Baja California intervention region. The
colorbar range has been adjusted to the values present in this region.
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Figure S53: As Figure S44, but zoomed into the Ecuador intervention region. The color-
bar range has been adjusted to the values present in this region.
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Figure S54: As Figure S45, but zoomed into the Ecuador intervention region. The color-
bar range has been adjusted to the values present in this region.
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