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Key Points:11

• Photosynthesis dominates the ocean triple oxygen isotope signal, confirming its12

first-order sensitivity to biological oxygen production.13

• Sensitivity experiments constrain the 17O/18O isotope fractionation during res-14

piration to 0.517, a key parameter for representing this proxy.15

• The model captures large-scale patterns but not local variability, pointing to un-16

resolved subgrid-scale processes and observational gaps.17
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Abstract18

Estimating the evolution of biospheric oxygen production through time is a major chal-19

lenge. The triple oxygen isotope composition of molecular oxygen (17∆) has been pro-20

posed as a tracer of this production, as it integrates contributions from marine (17∆ocean)21

and terrestrial (17∆terr) biospheric oxygen. The recent implementation of 17∆ocean in22

the intermediate-complexity climate model iLOVECLIM now enables a mechanistic ex-23

ploration of this proxy. This study aims to improve our understanding of the behavior24

and limitations of 17∆ocean as an indicator of biological oxygen production across spa-25

tial scales. At large scales, the 17∆ocean signal primarily reflects residual processes af-26

fecting dissolved oxygen, with photosynthesis exerting dominant control on its magni-27

tude and variability. Our results further highlight the strong sensitivity of the simulated28

signal to biological isotopic fractionations. Sensitivity experiments based on a Latin hy-29

percube approach constrain the 17O/18O fractionation during respiration to 0.517. While30

the model captures large-scale patterns and overall variability of δ18O–O2 and 17∆ocean,31

it cannot reproduce their local variability. This mismatch reflects subgrid-scale variabil-32

ity that the model cannot resolve, as it represents grid-cell averages rather than individ-33

ual observations. Consequently, no combination of biological fractionation coefficient fully34

reproduces the observed 17∆ocean signal, pointing to both model limitations and obser-35

vational uncertainties. Overall, these results confirm the first-order sensitivity of 17∆ocean36

to photosynthetic processes, while indicating that its finer interpretation in global mod-37

els remains uncertain. This calls for a reassessment of the isotopic and biological pro-38

cesses governing this proxy, and for improved observational constraints.39

Plain Language Summary40

Understanding how much oxygen living organisms produce, and how this has changed41

through time, is a major scientific challenge. One promising approach relies on measur-42

ing the triple isotopic composition of dissolved oxygen in the ocean, called 17∆ocean, which43

carries a subtle fingerprint of photosynthesis and has the potential to provide insights44

on oceanic biological oxygen production. In this study, we used a numerical climate model45

to simulate this oxygen isotope signal across the ocean and investigate the processes that46

control it. Our results confirm that photosynthesis is the dominant driver of the signal47

at large scales. However, we also show that the signal is highly sensitive to how organ-48

isms fractionate oxygen isotopes during respiration, a process that remains poorly con-49

strained. While the model reproduces broad oceanic patterns, it fails to capture the lo-50

cal variability observed in the data, reflecting the limits of models that average processes51

over large grid cells. These findings indicate that interpreting this isotopic tracer in global52

models is more uncertain than previously assumed. Improving our understanding of bi-53

ological isotope effects, together with more spatially resolved observations, will be es-54

sential to fully exploit the potential of this proxy for reconstructing oxygen production.55

1 Introduction56

The ocean is a major sink for atmospheric CO2 and a key regulator of climate (Friedlingstein57

et al., 2025). Marine primary productivity drives carbon fixation and oxygen produc-58

tion, making it a central component of the global carbon cycle. Yet, quantifying marine59

biological oxygen production and the associated carbon fluxes remains a major challenge.60

The triple oxygen isotope composition of dissolved oxygen (17∆ocean) has been proposed61

as a promising tracer of marine productivity (Luz & Barkan, 2000). The 17∆ocean sig-62

nal reflects a balance between biological and physical processes: photosynthesis and res-63

piration induce isotope fractionation, while air-sea gas exchange and ocean circulation64

redistribute and dilute these signatures. As a result, the value of 17∆ocean depends on65

both biological O2 production and gas exchange with the atmosphere. The gas exchange66

rate tends to bring the value of 17∆ocean into equilibrium with the air. Conversely, the67

–2–



manuscript submitted to JGR: Oceans

rate of biological production tends to raise the 17∆ocean concentration to a maximum68

value (Luz & Barkan, 2000). Thus, 17∆ocean is expected to vary between these two end-69

members, that is between 0 and 249 ppm.70

At the global scale, the triple isotopic composition of atmospheric oxygen (17∆)71

is a proxy of gross photosynthetic O2 flux. Measured in ice cores, 17∆ integrates con-72

tributions from the marine biosphere, the terrestrial biosphere, and the stratosphere. In73

the stratosphere, the 17O/16O and 18O/16O ratios are affected by photochemical reac-74

tions between O2, CO2, and O3, leading to mass-independent oxygen fractionation (Thiemens75

et al., 1991; M. Bender et al., 1994; Luz et al., 1999). Conversely, biological processes76

associated with the terrestrial and marine biosphere generate mass-dependent fraction-77

ation, such that the 17O/16O ratio is approximately half that of 18O/16O (Luz et al., 1999;78

Luz & Barkan, 2000, 2005). Thus, 17∆ represents the 17O anomaly and is defined by the79

following equation (Miller, 2002):80

17∆ =

[
ln

(
1 +

δ17O

1000

)
− λ× ln

(
1 +

δ18O

1000

)]
× 1 000 000 (1)81

Where: δ∗O is derived from the isotopic ratio of the sample (R*) relative to the iso-82

topic reference standard (Rstd): δ
∗O = (∗R / ∗Rstd -1) Ö 1000, where * denotes either83

17 or 18. The isotopic ratio R* corresponds to the abundance ratio between the heavy84

isotopologues (17O16O) and 18O16O) and the most common isotopologue (16O16O). Air85

O2 is used as the isotopic standard (Luz & Barkan, 2005). The δ17O–O2 anomaly is de-86

fined relative to the mass-dependent fractionation line with a characteristic triple-isotope87

slope λ = 0.518, which reflects biological fractionation processes (Luz & Barkan, 2005).88

Because the 17∆ variations are extremely small, they are expressed in ppm (1 ppm =89

0.001 �) relative to air.90

However, the behavior of 17∆ocean remains uncertain (Li et al., 2022). Physical pro-91

cesses can influence its distribution, while biological fractionation is still poorly constrained92

and may vary with environmental conditions (Stolper et al., 2018). Although, several93

various models have been developed to simulate the two isotopic tracers δ18O–O2 and94

17∆ocean (P. Kroopnick & Craig, 1976; Luz & Barkan, 2000, 2005; Hendricks et al., 2005;95

Reuer et al., 2007; L. W. Juranek & Quay, 2010; D. P. Nicholson et al., 2012; Munro et96

al., 2013; D. Nicholson et al., 2014; Palevsky et al., 2016; Li et al., 2022; Musan et al.,97

2023), none have explored their behavior within a fully coupled global climate framework.98

This study presents the first climate-model-based investigation of δ18O–O2 and 17∆ocean99

using iLOVECLIM. The controls on these proxies are examined across different scales,100

from the large to fine spatial scales, focusing on (1) the influence of environmental vari-101

ables, (2) the contribution of the main processes, and (3) the role of biological isotopic102

fractionations.103

2 Methods104

2.1 iLOVECLIM model105

The iLOVECLIM model is an Earth system Model of Intermediate Complexity (EMIC).106

It was developed from version 1.2 of the LOVECLIM model and retains its main com-107

ponents: atmosphere, ocean, and vegetation (Roche et al., 2007; Goosse et al., 2010).108

The atmospheric component, ECBilt, employs a quasi-geostrophic formulation on109

a T21 spectral grid (≈ 5.6° resolution), with three vertical layers capturing temperature110

and humidity profiles essential for representing evaporation, precipitation, and conden-111

sation (Opsteegh et al., 1998). Ocean circulation is simulated by CLIO, a general cir-112

culation model solving the Navier-Stokes equations, thermodynamically coupled to sea113

ice. It features a 3Ö3° horizontal resolution, 20 vertical levels, and a free surface to ac-114
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count for freshwater input from melting glaciers (Goosse & Fichefet, 1999; Goosse et al.,115

2010). Surface temperature and salinity are updated daily. Advection and diffusion trans-116

port tracers throughout the ocean. The oceanic carbon cycle, crucial for representing bi-117

ological oxygen production, is simulated using a simplified ecosystem model with a sin-118

gle phytoplankton and zooplankton species, along with phosphate as the limiting nutri-119

ent (Bouttes et al., 2015). Tracer remineralization follows a depth-dependent profile, cap-120

turing the essential dynamics of oxygen and carbon fluxes in the water column.121

In a previous study, we added the three stable isotopes of dioxygen (32O2,
33O2,122

34O2) were added to the iLOVECLIM model (Clermont et al., 2026). In order to do so,123

the main processes affecting oxygen isotopes were explicitly enhanced with their isotopic124

counterparts: photosynthesis, respiration and ocean-atmosphere gas exchange. In this125

framework, biological isotopic fractionation factors are prescribed, allowing the distri-126

bution of the isotopic tracers δ18O–O2 and 17∆ocean to be investigated within a coupled127

model of intermediate complexity. Unless otherwise stated, the analyses presented in this128

study are based on a reference control simulation (CTRL), conducted under fixed bound-129

ary conditions representative of preindustrial climate. All simulations presented were in-130

tegrated over 3,000 years, allowing the climate system and isotopic tracers to reach a quasi-131

equilibrium steady-state.132

2.2 Climatological drivers and processes affecting isotopic tracers133

Given that these isotopic tracers vary across basins and water masses, large-scale134

environmental conditions are expected to influence their distribution. To investigate these135

dependencies, we performed a statistical analysis of the modeled isotopic fields in rela-136

tion to key environmental variables, using results from the equilibrium control simula-137

tion. Dependencies among predictors were assessed using a Spearman correlation ma-138

trix. Spearman’s rank correlation was chosen because the relationships between envi-139

ronmental variables are not necessarily linear, and several predictors exhibit skewed dis-140

tributions or contain outliers. Under these conditions, Spearman’s correlation provides141

a robust estimate by capturing monotonic relationships independently of their functional142

form. To account for potential multicollinearity among predictors, a dimensionality-reduction143

approach was applied. A Principal Component Analysis (PCA) was performed on the144

set of environmental variables. The resulting principal components were then used to145

examine relationships with modeled isotopic tracers, allowing the characterization of dom-146

inant large-scale environmental gradients.147

In addition to the large-scale statistical analysis, a complementary process-based148

approach is employed to quantify the contribution of individual physical and biogeochem-149

ical mechanisms. The influence of each process on δ18O–O2 and 17∆ocean is assessed by150

isolating their respective contributions.151

2.3 Exploration of biological isotopic fractionation coefficients152

Following the processes characterization, we turned to the definition of the biolog-153

ical fractionation coefficients required for the oxygen isotopes simulations. These isotopic154

fractionation coefficients must be defined within the model to represent the distribution155

of the isotopic tracers δ18O–O2 and 17∆ocean. The values of these parameters reflect the156

preferential incorporation of light isotopes during the biological processes of photosyn-157

thesis and respiration. The isotopic fractionation coefficient during respiration, denoted158

as 18αresp, leads to a depletion in 32O2 relative to 34O2. Conversely, the fractionation159

coefficient during photosynthesis, referred to as 18αphoto, results in an enrichment in 32O2160

relative to 34O2. The fractionation coefficients for 33O2 are calculated according to the161

relationship: 17α =
(
18α

)(17/18θ)
.162
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These parameter values have been estimated in several studies under controlled ex-163

perimental conditions, for specific locations and species (as summarized in Table 1). 18αresp164

has values reported in the range from 0.9699 to 0.992, with a commonly used value of165

0.980 (Kiddon et al., 1993). Earlier studies tended to underestimate the photosynthetic166

fractionation coefficient, often assuming a value of 1.0 (i.e., no fractionation). However,167

other work indicates that the coefficient can be significantly higher, with reported val-168

ues of up to 1.007 (Eisenstadt et al., 2010). The 17/18θresp coefficient has been shown169

to vary between 0.516 and 0.5214, with typical values of 0.518 (Helman et al., 2005; L. Ju-170

ranek & Quay, 2013) or 0.520 (Ash et al., 2020; Li et al., 2022). Finally, the 17/18θphoto171

coefficient, as 18αphoto, has been measured very few times and published values vary be-172

tween 0.5198 (Eisenstadt et al., 2010) and 0.5237 (Luz & Barkan, 2011a). All these frac-173

tionations coefficients were examined using a set of sensitivity experiments with their174

values taken in the published ranges and compared with the CTRL reference simulation.175

Sensitivity analyses enable us to quantify the influence of individual fractionation176

factors on tracer distributions. However, the fractionation coefficient values commonly177

used in models are largely derived from laboratory experiments performed on a limited178

number of species. As a result, these estimates may not be representative at larger scales179

or across different oceanic regions. Identifying fractionation values that are appropriate180

both at the global scale and for specific basins would require running several hundred181

targeted simulations. To efficiently sample the parameter space while ensuring a robust182

representation of their distributions, we applied a Latin hypercube sampling strategy to183

explore four fractionation factors: 18αresp,
17/18θresp,

18αphoto,
17/18θphoto.184

3 Applications: Selection of experiments and datasets185

3.1 Process deconvolution186

The study of large-scale environmental variables was carried out using the CTRL187

reference simulation. However, five sensitivity simulations were performed to assess the188

contribution of individual processes to the simulated isotopic tracers. In each experiment,189

the isotopic effects associated with a single process were selectively suppressed: (i) res-190

piration within the photic zone, (ii) respiration below the photic zone (hereafter referred191

to as remineralization), (iii) total respiration throughout the ocean, (iv) photosynthe-192

sis, and (v) ocean–atmosphere gas exchange.193

The contribution of each process was quantitatively estimated as the difference be-194

tween the corresponding sensitivity simulation and the reference control simulation. Pro-195

cesses that cannot be explicitly isolated, or that act implicitly through the model dy-196

namics, such as ocean circulation, were estimated as the residual between the CTRL sim-197

ulation and the sum of all explicitly represented processes. This residual term encom-198

passes all remaining physical processes, including ocean circulation, mixing, diffusion,199

as well as potential non-linear interactions between processes, which are expected to be200

small.201

3.2 Experiments constraining biological isotopic fractionation coefficients202

To assess the influence of commonly accepted values for isotopic fractionation pro-203

cesses (Table 1), a set of sensitivity experiments was performed (Table 2). Nine simu-204

lations were conducted, in which only a single isotopic fractionation factor was modified205

at a time. All other fractionation factors were kept identical to those of the reference con-206

trol simulation, allowing the study of individual impact of each fractionation on the sim-207

ulated isotopic tracers.208
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Fractionation coefficient factor during respiration 18αresp was explored through 4209

simulations. The first tests the effect of a high fractionation coefficient (18αresp = 0.9699),210

derived from a new experiment conducted by Bienville et al. (2026). In an effort to ob-211

tain fractionation factors values as coherent with real ecosystems as possible, Bienville212

et al. (2026) have developed an intermediary scale setup where they measured the iso-213

tope fractionations associated with photosynthesis and respiration of a phytoplankton214

community in water at 25°C. Fractionation coefficients with values of 0.982 and 0.988215

on the other hand represent more commonly accepted values: 0.982 corresponds to an216

estimated average for overall fractionation in freshwater environments (Quay et al., 1995),217

whereas 0.988 reflects a smaller fractionation potentially occurring in deep waters (Quay218

et al., 1993).219

In addition, the ”Stolper: f(T)” sensitivity test corresponds to a temperature-dependent220

fractionation model based on bacterial respiration experiments (Stolper et al., 2018). The221

temperature functions implemented in the iLOVECLIM model, taken from (Stolper et222

al., 2018), are as follow:223

18αresp =
1000− (0.11T + 12.7)

1000
(2)

17/18θresp = 2.1× 10−4 T + 0.5054 (3)

To evaluate the influence of 17/18θresp, three additional simulations were carried224

out. The first one used a value (17/18θresp = 0.515478) for which, given a respiration frac-225

tionation factor of 0.980, the 17∆ocean remains unaffected by respiration. The two other226

simulations bracket the control value (0.518) with 0.516 and 0.520, allowing the impact227

of 17/18θresp variations to be quantified. The latter (0.520) is also consistent with recent228

values published in the literature (Ash et al., 2020; Li et al., 2022).229

In order to explore the influence of isotopic effect during photosynthesis, two ad-230

ditional sensitivity tests of 18αphoto were performed. Although this process was long con-231

sidered negligible, other studies have revealed measurable fractionation effects, with re-232

ported values around 1.004 (Eisenstadt et al., 2010). Bienville et al. (2026) further de-233

termined a slightly higher fractionation coefficient, close to 1.005. Both values (1.004 and234

1.005) were therefore implemented in the model as sensitivity tests to evaluate the po-235

tential influence of photosynthetic fractionation. In these simulations, the 17/18θphoto for236

photosynthesis was kept constant at 0.520, consistent with values generally observed for237

mass-dependent processes.238

Table 2. List of nine sensitivity tests to explore the fractionation coefficients. CTRL corre-

sponds to the reference simulation. Simulation names indicate the modified parameter.

Simulation name 18αresp
17/18θresp

18αphoto

CTRL 0.980 0.518 1.0
18αresp = 0.9699 0.9699 – –
18αresp = 0.982 0.982 – –
18αresp = 0.988 0.988 – –
Stolper: f(T ) f(T ) f(T ) –
17/18θresp = 0.515478 – 0.515478 –
17/18θresp = 0.516 – 0.516 –
17/18θresp = 0.520 – 0.520 –
18αphoto = 1.004 – – 1.004
18αphoto = 1.005 – – 1.005

–7–



manuscript submitted to JGR: Oceans

3.3 Latin Hypercube method and in situ observations239

The combination of the four fractionations were investigated using 300 simulations240

carried out with the Latin Hypercube method. Each simulation corresponding to a unique241

combination of fractionation coefficients within the ranges reported in the literature (Ta-242

ble 1). For respiration, 18αresp varied between 0.9699 to 0.9920, while 17/18θresp ranged243

from 0.5160 to 0.5214. For photosynthesis, 18αphoto ranged from 1.000 to 1.007, and 17/18θphoto244

from 0.5198 to 0.537. For each simulation, the Root Mean Square Error (RMSE) was245

computed by comparing the modeled tracer fields to in situ measurements, using the near-246

est model grid point at each observation location (longitude, latitude, and depth). Model–data247

misfit was quantified using a normalized RMSE combining both δ18O–O2 and 17∆ocean,248

ensuring that both proxies contribute equally to the total score.249

2,482 measurement points were compiled from the literature, mostly obtained dur-250

ing oceanographic campaigns. Oxygen concentrations were measured either using sen-251

sors mounted on CTD rosettes or from discrete bottle samples. δ18O–O2 and 17∆ocean252

are therefore available across ocean basins at different depths. In the Atlantic Ocean,253

data from Luz and Barkan (2009), Levine et al. (2009), Yeung et al. (2012) and Musan254

et al. (2023) were included, complemented by Bermuda Atlantic Time-series measure-255

ment stations (BAT; Johnson et al. (2025)). In the Pacific Ocean, data from Hendricks256

et al. (2005), Sarma et al. (2008), L. W. Juranek et al. (2012), Palevsky et al. (2016) and257

Li et al. (2022) were used, along with measurements from the Hawaiian Ocean Time-series258

(HOT; Argo (2025)) station. For the Southern Ocean, we compiled datasets from Hendricks259

et al. (2004), Reuer et al. (2007), Huang et al. (2012), Castro-Morales et al. (2013) and260

M. L. Bender et al. (2016), all obtained during the austral summer and from subsurface261

waters (> 100 m). And finally, we recovered only a few points in the Arctic Ocean, orig-262

inating from Stanley et al. (2015). Where needed, we recalculated 17∆ocean from orig-263

inal data to ensure that all dataset uses a consistent definition. Because these observa-264

tions are spatially discrete, the upper 100 meters are grouped into a single “photic layer”265

which is often influenced by strong seasonal variability and biological activity.266

4 Results and discussion267

4.1 Large-scale climatic controls on isotopic tracers268

Although seasonal variability influences isotopic tracers at local scales, the role of269

climatological parameters was assessed using Spearman’s correlation to identify the dom-270

inant controls on their distributions (Figure 1).271

Spearman’s correlation revealed several perfect relationships among predictors (p272

= 1), notably between δ18O–O2 and δ17O–O2 or among O2 and its isotopologues (32O2,273

33O2,
34O2). These redundancies reflect the same processes expressed through different274

variables. To reduce dimensionality in the heatmap, δ18O–O2 and δ17O–O2 were com-275

bined into a single variable (δ∗O–O2). Isotopologues of O2 were excluded as they are in-276

trinsically linked within the same molecule and therefore do not provide additional in-277

dependent information. Nitrate and phosphate were grouped under “nutrients” given278

their identical behavior. The resulting correlation matrix preserves the essential relation-279

ships among variables while eliminating redundant information (Figure 1). Three coher-280

ent groups of predictors emerge from this structure: a biological group including phy-281

toplankton, Net Community Production (NCP), remineralization and O2; a chemical group282

including Dissolved Organic Carbon (DOC), slow Dissolved Organic Carbon (DOCs),283

Dissolved Inorganic Carbon (DIC), nutrients; and a hydrographic group composed of tem-284

perature, salinity and oxygen saturation. These three groups structure the environmen-285

tal space in which isotopic tracers evolve. The triple isotopic composition of dissolved286

oxygen is positively correlated with δ∗O–O2 (p = 0.7). Notably, these tracers shows any287

association with salinity. This reflects the fact that oxygen isotope composition of sea-288
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water in the model is prescribed to VSMOW values rather than to the isotopic compo-289

sition of seawater itself, a simplification that prevents the model from reproducing the290

relationship between the salinity and δ∗O–O2.291
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Figure 1. Spearman’s correlation matrix. The line separates predictors from isotopic tracers.

δ∗O–O2 corresponds to δ18O–O2 and δ17O–O2. Nutrients combined the nitrate and phosphate

variables. Acronym: DOC = Dissolved Organic Carbon; DOCs = slow Dissolved Organic Car-

bon; DIC = Dissolved Inorganic Carbon; NCP = Net Community Production

To complement these results, a principal component analysis was conducted on the292

predictor variables. The first three components account for 82% of the total variance,293

with PC1, PC2 and PC3 explaining 45.8%, 21.2% and 15.0%, respectively. The biplot294

displays the projection of variables onto the first two principal axes (Figure 2). PC1 cap-295

tures the dominant biogeochemical gradient, opposing warm surface waters enriched in296

DOC to deeper waters enriched in nutrients and DIC. This pattern reflects the balance297

between biological production and nutrient concentrations along the vertical gradient.298

PC2 represents a secondary mode of variability related to oxygen dynamics, contrast-299

ing elevated O2 concentration with hydrographic properties, particularly salinity and tem-300

perature. The biplot also reveals covariation patterns among variables, as indicated by301

vector angles. DIC and nutrients exhibit strong positive covariance, while phytoplank-302

ton, O2 and NCP covary as components of the oxygen cycle. Overall, the PCA supports303

the grouping of predictors into three main processes: physical, biological and chemical,304

consistent with the correlation analysis (Figure 1).305

Finally, the regression analysis yields an r² of 0.72 for δ∗O–O2 and 0.58 for 17∆ocean,306

indicating that δ∗O–O2 variability is more strongly explained by the leading environmen-307

tal modes than 17∆ocean. These results highlight a systematic difference in the environ-308

mental controls on the two tracers. δ∗O–O2 variability is aligned with the dominant en-309

vironmental gradients captured by the PCA, making it a broadly integrative tracer of310

the ocean’s biogeochemical state. In contrast, 17∆ocean is more sensitive to local imbal-311

ances between oxygen production, consumption and air-sea exchange. These processes312
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may deviate from large-scale patterns and are therefore less well represented in the dom-313

inant modes of environmental variability. The lower r² for 17∆ocean thus reflects its sen-314

sitivity to process-level oxygen cycle dynamics.315
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Figure 2. Principal component (PC) analysis on the predictors. Please refer to Figure 1 for

the acronyms.

Together, these two tracers are complementary: δ∗O–O2 captures the large-scale316

structure of environmental variability, while 17∆ocean provides additional constraints on317

oxygen cycle imbalances at the process level. To further disentangle the respective con-318

tributions of these mechanisms, a process-based decomposition is performed in the fol-319

lowing section.320

4.2 Intermediate-scale process-driven variability of isotopic signals321

While environmental variables provide a first-order control on proxy distributions,322

these factors act through distinct physical and biological mechanisms. The δ18O–O2 and323

17∆ocean signals are deconvolved to quantify the respective contributions of the main gov-324

erning processes: photosynthesis, respiration and air-sea gas exchange. The remaining325

isotopic signal is then attributed to broader physical processes, such as ocean circula-326

tion and diapycnal mixing, which integrate the transport-related drivers of the distri-327

bution (Figure 3).328

Overall, both isotopic proxies exhibit highest values in the subsurface, but respond329

differently to the underlying processes (Figure 3). For δ18O–O2, elevated values are pri-330

marily driven by remineralization (Figure 3a), with total respiration contributing increases331

of up to 12�. Physical processes also contribute positively to the δ18O–O2 signal, whereas332

photosynthesis is the only process inducing a substantial decrease, reaching values as low333

as -9�. In contrast, for 17∆ocean all biological processes contribute positively to the sig-334

nal (Figure 3b). Photosynthesis is the dominant control and can increase 17∆ocean by335

up to 40 ppm. Only physical processes result in a decrease in 17∆ocean signal. As a re-336

sult, photosynthesis and physical processes exert opposite effects on the two isotopic prox-337
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ies. Photosynthesis remains the most decisive process determining δ18O–O2 and 17∆ocean338

values for the global ocean.339
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Figure 3. Deconvolution of the isotopic signals for (a) δ18O–O2 and (b) 17∆ocean. Results

are shown for three depth categories: brown indicates the ocean-wide average, the photic layer

represents the mean over the upper 100 m (green), and deep waters corresponds to waters below

100 m (blue). CTRL denotes the reference simulation including all processes. Total respiration

integrates respiration over the entire water column and includes respiration in the photic zone

(“Photic respiration”) as well as subsurface respiration associated with organic matter degra-

dation and bacterial activity (“Remineralization”). This vertical partitioning is imposed by

the iLOVECLIM model structure; however, respiration and remineralization occur in both lay-

ers in reality, making “Total respiration” the most physically representative quantity. Physical

processes represent the residual signal. It can be attributed to circulation and mixing, and are

calculated as CTRL minus the explicitly deconvolved processes.

A limitation of the iLOVECLIM model is that photosynthesis and photic respira-340

tion are restricted to the upper 100 m, whereas in reality their vertical extent depends341

on ocean structure and light penetration. Despite this imposed depth limitation, the iso-342

topic signals generated by these processes are transported to greater depths through mix-343

ing and transport. This subsurface accumulation of 17∆ocean is consistent with the ob-344

servational and modeling results from the Pacific reported by Hendricks et al. (2005).345

At these depths, accumulation occurs because the signal is no longer regulated by ocean-346

atmosphere exchange, which tends to restore the proxies to equilibrium. Moreover, the347

patterns observed in the Pacific agree with our deconvolution: respiration induces an in-348

crease in δ18O–O2, whereas photosynthesis induces a decrease in δ18O–O2 and an increase349

in 17∆ocean.350

It should be noted that these results are obtained with the CTRL simulation, which351

employs prescribed fractionation coefficients for the biological and physical processes con-352

sidered. Under this parameterization, the chosen fractionation values introduce a non-353

negligible sensitivity of 17∆ocean to respiration (Figure 3b). This behavior departs from354

the classical definition proposed by (Luz & Barkan, 2005), in which 17∆ocean is assumed355

to be insensitive to respiration. This sensitivity highlights the importance of accurately356

constraining isotope fractionation coefficients and their associated uncertainties when357

interpreting oxygen isotopic tracers.358
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4.3 Fine-scale influence and constraints of biological isotopic fraction-359

ation360

In the iLOVECLIM model, biological isotope fractionation coefficients are prescribed361

based on estimates from the literature (Table 1). These fractionation coefficients may362

vary depending on species composition, geographical region, depth, and environmental363

conditions. However, in the iLOVECLIM model, a representative prescribed value for364

the global ocean is assumed for each biological fractionation process occurring during365

photosynthesis (18αphoto,
17/18θphoto) and respiration (18αresp,

17/18θresp). The sensitiv-366

ity of the simulated isotopic signal to these parameters was investigated through a set367

of sensitivity experiments in which each fractionation factor was varied independently,368

to quantify its specific impact on the proxies (Figure 4).369
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Figure 4. Sensitivity tests of biological fractionation coefficients for (a) δ18O–O2 and (b)
17∆ocean. Red points indicate observational data, for which model–data comparisons were per-

formed at matching longitude, latitude, and depth. Colors denote the processes investigated:
18αresp (pink-purple), 17/18θresp (blue), and 18αphoto (green). See Table 2 for further details.

Respiration induces two contrasting effects on the isotopic proxies. A weaker res-370

piratory isotope fractionation (i.e., greater 18αresp value) leads to a decrease in both δ18O–O2371

and 17∆ocean. In contrast, an increase of 17/18θresp value results in an increase in 17∆ocean,372

while this does not affect δ18O–O2. In contrast, the photosynthetic isotope fractiona-373

tion 18αphoto, induces an increase in both δ18O–O2 and 17∆ocean. However, modifying374

18αphoto by + 0.001 does not produce any significant change in either proxy, suggesting375

a weak sensitivity of the simulated isotopic signal to this parameter within the tested376

range.377
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The “Stolper simulation”, which incorporates temperature-dependent isotope frac-378

tionation effect during respiration, reproduces δ18O–O2 relatively well compared to the379

data but fails to capture the observed values of 17∆ocean. Several factors may explain380

this discrepancy. First, the temperature dependence used in this parameterization is de-381

rived from experiments conducted on a single heterotrophic bacterium (E. coli). Second,382

these experiments were performed over a limited temperature range (10 - 40 °C), which383

is not representative of the full range of environmental conditions relevant at the global384

ocean scale simulated by iLOVECLIM.385

Overall, the simulations that best reproduce both δ18O–O2 and 17∆ocean are the386

CTRL and the experiment using 18αresp = 0.982. These results suggest that a value of387

17/18θresp = 0.518 provides the most appropriate representation within the current model388

framework among the tested values. In contrast, the tested photosynthetic fractionation389

coefficient alone does not lead to an improved agreement with the data. Nevertheless,390

each fractionation factor exerts a distinct influence on the simulated proxies, highlight-391

ing the sensitivity of δ18O–O2 and 17∆ocean to biological parameter choices.392

4.4 Improving the parametrization of biological isotopic fractionation393

in the global ocean394

Given the variability of fractionation factors across species and environments, as-395

signing a single value to each process necessarily introduces assumptions and uncertain-396

ties. To further constrain the parameter space and reduce these uncertainties, 300 ad-397

ditional simulations were performed using a Latin hypercube sampling approach based398

on published ranges from the literature (Table 1). This strategy allows for a more sys-399

tematic exploration of the combined effects of biological fractionation coefficients and400

provides a basis for identifying the most robust model parameterizations. These 300 sim-401

ulations were analyzed, and for each spatial location (global ocean, photic layer, deep402

ocean), the 10 parameter combinations yielding the lowest total RMSE in comparison403

to the observational data were retained for further analysis (Figure 5). Hence, the av-404

erage of the 10 best simulations was calculated for each zone, yielding the best combi-405

nations of parameters (Table 3).406

Table 3. Average of the 10 best simulations for each location. The photic layer describes the

top 100 meters of the ocean, while the deep ocean corresponds to depths greater than 100 meters.

Respiration Photosynthesis

Region Layer 18αresp
17/18θresp

18αphoto
17/18θphoto

CTRL 0.980 0.518 1.000 0.520

Global
All 0.983 0.517 1.002 0.524
Photic layer 0.982 0.517 1.003 0.524
Deep ocean 0.985 0.517 – –

Atlantic
All 0.987 0.517 1.005 0.526
Photic layer 0.980 0.520 1.005 0.533
Deep ocean 0.988 0.517 – –

Pacific
All 0.981 0.517 1.002 0.526
Photic layer 0.979 0.517 1.002 0.527
Deep ocean 0.982 0.517 – –

Arctic
All 0.983 0.517 1.003 0.525
Photic layer 0.982 0.517 1.003 0.525
Deep ocean 0.984 0.517 – –

Southern
All 0.982 0.517 1.003 0.525
Photic layer – – – –
Deep ocean – – – –
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Figure 5. Top 10 simulations by ocean basin. Red, blue, orange, green, and pink dots indicate

the best simulations for the global, Atlantic, Pacific, Southern, and Arctic Oceans, respectively.

Stars denote simulations that perform best across multiple basins (global, Pacific, Arctic, and

Southern), excluding the Atlantic.

4.4.1 Global ocean407

In the iLOVECLIM model, biological fractionation coefficients are prescribed uni-408

formly across the global ocean. This section assesses the validity of this assumption by409

analyzing the optimal parameter combinations identified for the global ocean.410

Figure 5 summarizes the distribution of fractionation coefficients among the sim-411

ulations yielding the lowest normalized RMSE values. At the global scale, the RMSE412

values associated with the best-performing simulations are generally low, indicating that413

a satisfactory agreement with the observational constraints can be achieved. For the res-414

piration process, the optimal parameter combinations cluster within a relatively narrow415

range, with 18αresp values between 0.979 and 0.988 and 17/18θresp values close to 0.517416

(see Figure 5b; Figure 5c; Table 3). In contrast, no clear clustering emerges for the pho-417

tosynthetic fractionation coefficients, suggesting a weaker constraint on these processes418

at the global scale (Figures 5d; 5e).419

Overall, these results indicate that no single optimal value can be identified inde-420

pendently for each fractionation coefficient. Instead, the simulations point toward sets421

of parameter values that jointly provide a good representation of both δ18O–O2 and 17∆ocean.422

The mean parameter values derived from the 10 best global simulations (Table 3) high-423

light a vertical contrast between the photic and deep ocean, particularly for the 18αresp.424

The magnitude of this respiratory fractionation decreases with depth (or 18αresp value425

increases), whereas the 17/18θresp value remains mostly homogeneous throughout the wa-426

ter column. To further explore the characteristics of the best-performing parameter sets427

for the global ocean, the 10 simulations with the lowest RMSE value were analyzed in428
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detail. Statistical metrics were computed for different depth domains: global ocean, photic429

layer, and deep ocean (Table 4).430

Table 4. Analysis of the 10 best simulations for the global ocean. The photic layer describes

the top 100 meters of the ocean, while the deep ocean corresponds to depths greater than 100

meters.

Respiration Photosynthesis
18αresp

17/18θresp
18αphoto

17/18θphoto

All ocean

Best simulation (No. 246) 0.984 0.516 1.003 0.521
Average 0.983 0.517 1.002 0.524
Standard deviation 0.001 0.001 0.002 0.005
Confidence interval (95%) 0.001 0.001 0.001 0.003
Correlation between parameters 0.14 -0.50

Photic layer

Best simulation (No. 297) 0.983 0.516 1.005 0.520
Average 0.982 0.517 1.003 0.524
Standard deviation 0.002 0.001 0.002 0.005
Confidence interval (95%) 0.001 0.001 0.002 0.003
Correlation between parameters -0.22 -0.45

Deep ocean

Best simulation (No. 217) 0.987 0.517 – –
Average 0.985 0.517 – –
Standard deviation 0.001 0.001 – –
Confidence interval (95%) 0.001 0.001 – –
Correlation between parameters 0.33 – – –
Correlation between parameters 0.33

Across all depth domains, confidence intervals are very narrow for all fractionation431

coefficients, especially for the respiration-related parameters (18αresp and 17/18θresp), in-432

dicating that they are strongly constrained (Table 4). The analysis of parameter corre-433

lations yields consistent patterns across all depth domains. For photosynthetic fraction-434

ations, a moderate negative correlation (± -0.5) is observed between 18αphoto and 17/18θphoto,435

indicating that the model requires a specific magnitude of 17∆ocean in photosynthetic O2,436

such that a higher alpha is associated with a lower theta value and vice versa. This is437

consistent with triple oxygen isotope systematics (e.g., Luz and Barkan (2000)): pho-438

tosynthetic O2 inherits the isotopic composition of the source water (VSMOW in our439

case), imposing a coupled relationship between 18αphoto and 17/18θphoto. In contrast, respiration-440

related fractionations exhibit negligible correlation, indicating that 18αresp and 17/18θresp441

can be adjusted independently without affecting model performance.442

Consistent with these correlation patterns, respiration-related fractionation coef-443

ficients are tightly constrained and exhibit very limited variability across the best-performing444

simulations (coefficient of variation ± 0.001). The global ocean mean value of 18αresp is445

0.983, with an average value of 0.982 at the surface and a reduced fractionation at depth446

to 0.985. To further constrain this parameter, we examined the simulation minimizing447

the RMSE of δ18O–O2, which is only sensitive to the 18αresp. Consistent with the pre-448

vious value, we obtained a deep ocean value of 0.986. These estimates of respiration-related449

fractionation are in good agreement with previous deep oceanic observations (M. L. Ben-450

der, 1990; Quay et al., 1993), thereby reinforcing the robustness of our model. Further-451

more, 17/18θresp remains tightly constrained, with value close to 0.517 across the global452

ocean. This estimate is closest to the value reported by Luz and Barkan (2005), although453

it remains slightly higher, which may reflect the fact that their estimate was derived from454

laboratory experiments on microplankton and bacteria. In contrast, more recent stud-455

ies have suggested systematically higher values (0.520–0.521), which are not supported456

by our model results.457
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Photosynthetic fractionation coefficients display greater flexibility, particularly 17/18θphoto,458

whose variability is acceptable as long as its covariation with 18αphoto is preserved. The459

values of the photosynthetic fractionations, for both 18αphoto and 17/18θphoto, are con-460

sistent with the measured values (Eisenstadt et al., 2010; Luz & Barkan, 2011b). Because461

these two fractionations are intrinsically linked, they can vary over a relatively broad range462

while producing comparable model performance. This behavior allows a robust estima-463

tion of the photosynthetic isotopic signal from their combined values. For the global ocean,464

the inferred optimal 17∆ocean signature of photosynthetic O2 is 226 ppm.465

Overall, these results confirm that respiration fractionation coefficients occupy a466

narrowly defined and well-constrained region of the parameter space, whereas photosyn-467

thetic fractionations span a broader range constrained primarily by internal consistency468

rather than by individual optimal values. This highlights that accurately reproducing469

δ18O–O2 and 17∆ocean requires coherent combinations of fractionation coefficients rather470

than a single best estimate for each process. It should also be noted that these conclu-471

sions reflect the optimal parameter space explored within the tested ranges and the cur-472

rent model framework.473

4.4.2 Ocean basins474

Across the 300 simulations, respiration-related fractionation coefficients remain tightly475

constrained in all basins, whereas photosynthetic fractionation coefficients exhibit greater476

variability (Table 3; Table 4). A systematic decrease of 18αresp with depth is observed477

in all basins, with values ranging from 0.979 to 0.988. In contrast, 17/18θresp remains re-478

markably stable and close to 0.517, except in the Atlantic photic layer. Photosynthetic479

fractionation coefficient span a broader range of values, with 18αphoto varying between480

1.002 and 1.005 and 17/18θphoto between 0.524 and 0.533, reflecting a comparatively larger481

range of admissible values in the model.482

For the global ocean, the parameter combination yielding the lowest RMSE cor-483

responds to simulation n°246 (Table 4). Although each basin exhibits variations in frac-484

tionation, particularly along the water column for 18αresp, this simulation provides the485

best overall fit for the global ocean. Consistent with the respective roles of the differ-486

ent fractionation processes, simulation 246 is associated with an overall decrease in δ18O–O2487

relative to the CTRL simulation, accompanied by a more complex response in 17∆ocean488

(see Table 3; Figure 4; Figure A1), reflecting the opposing influences of respiration and489

photosynthesis fractionations. Simulation 246 reproduces these basin-scale patterns with490

more moderate amplitudes, consistent with its role as a compromise parameterization491

designed to provide an adequate representation across multiple ocean basins.492

Figure 6 shows the measured versus modelled points from simulation 246 in the At-493

lantic and Pacific Oceans. Both δ18O–O2 and 17∆ocean exhibit comparable ranges of vari-494

ability across these two basins, and the model reproduces large-scale spatial patterns with495

reasonable ranges. In the Atlantic Ocean, δ18O–O2 ranges from -2 to 20� in both ob-496

served and modelled datasets (Figure 6a). The highest values are found within the up-497

per water column, whereas in the deep ocean δ18O–O2 stabilizes around 3� in the ob-498

servations and 5� in the model. This vertical structure is consistent with the confine-499

ment of biological activity to the photic zone, leading to enhanced variability near the500

surface and more homogeneous conditions at depth. A similar vertical structure is ob-501

served for 17∆ocean. Surface values range from 0 to 150 ppm in the observations, com-502

pared to 0 to 90 ppm in the model. At depth, observed 17∆ocean exhibits variability within503

a narrower range of 30 to 60 ppm, whereas the model produces a nearly uniform value504

around 50 ppm. The reduced surface variability in the model likely reflects the use of505

compromise fractionation coefficients in simulation 246, which differ from those of the506

best-performing simulation in the Atlantic (Table 3).507
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Figure 6. Analysis of δ18O–O2 and 17∆ocean from measured (top panels) and modelled data

(bottom panels) using the best combination for the global ocean, i.e. simulation n°246. Panels

(a) and (b) correspond to the Atlantic and Pacific Oceans, respectively. Modelled points are ex-

tracted at the locations of the observations and account for seasonal variability.

In the Pacific Ocean, a similar vertical structure is observed, although deep-water508

data remain more limited (Figure 6b). The largest variations in both δ18O–O2 and 17∆ocean509

occur within the upper 300 meters, followed by a progressive stabilization throughout510

the water column. For δ18O–O2, values range from -2 to 20� in both observations and511

simulations, with deep-water values stabilizing around 15� in the observations and 10�512

in the model. For 17∆ocean, observed values span from -45 to 160 ppm, whereas the model513

simulates a slightly narrower range of 0 to 150 ppm, converging toward 60 ppm at depth.514

This agreement extends to the Arctic Ocean (Figure B1), while the Southern Ocean emerges515

as a notable exception (Figure B2).516

The Southern Ocean exhibits systematically higher RMSE values than other basins517

(Figure 5), reflecting a persistent model bias associated with excessive phytoplankton518

activity. This leads to enhanced photosynthetic rates and, consequently, to an overes-519

timation of the 17∆ocean signal (Figure 3, Figure B2). While compensating processes such520

as respiration may partly offset this imbalance in terms of bulk oxygen or carbon fluxes,521

they do not correct the isotopic signature, thereby amplifying the bias in 17∆ocean. An522

additional experiment, motivated by differences identified in other models, was performed523

in which phytoplankton biomass was reduced by 50% in the Southern Ocean as an ide-524

alized perturbation to assess the impact on simulated isotopic tracers and model–data525

misfit. Model performance was then evaluated using linear regressions between simulated526

and observed δ18O–O2 and 17∆ocean for the CTRL simulation, simulation 246, and this527

reduced-phytoplankton experiment (Figure 7).528
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Figure 7. Linear regression applied between observed and modelled points for (a) the CTRL

simulation, (b) the best combination for the global ocean, i.e. simulation 246 and (c) the sim-

ulation with 50% reduction in phytoplankton biomass in the Southern Ocean. The left column

corresponds to the comparison for δ18O–O2, and the right column for 17∆ocean. Each point in the

model corresponds to the location of the measured point and takes seasonality into account.

For both tracers, the coefficients of determination (R²) show no significant improve-529

ment in simulation 246 relative to CTRL. In contrast, the reduced-phytoplankton sim-530

ulation yields improved coefficients of determination for both δ18O–O2 and 17∆ocean, along531

with a reduced dispersion of these tracers in the Southern Ocean, confirming the influ-532

ence of excessive photosynthetic activity in this region on model performance (Figure533

7). Nevertheless, R² for 17∆ocean remain relatively low across all simulations, reflecting534

subgrid-scale variability that cannot be resolved by iLOVECLIM, which represents grid-535

cell averages rather than individual observations. Consequently, even optimized parametriza-536

tions fail to fully reproduce the observed 17∆ocean signal. Indeed, while basin-specific tun-537

ing of fractionation coefficients could potentially improve the representation of δ18O–O2,538

which is already reasonably well simulated, such refinements are unlikely to significantly539

enhance the representation of 17∆ocean.540
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These tracers reflect the distribution of oxygen isotopes governed by key processes,541

including photosynthesis, respiration, and air-sea gas exchange. Across the Atlantic, Pa-542

cific, and Arctic Oceans, δ18O–O2 is more accurately represented in terms of variabil-543

ity than 17∆ocean (Figure 6, Figure 7, Figure B1). This contrast reflects their sensitiv-544

ities to biological processes: δ18O–O2 integrates both photosynthetic and respiratory ef-545

fects, which tend to partially compensate for each other, whereas 17∆ocean is primarily546

driven by photosynthesis and is therefore more sensitive to local variability and model547

biases (Figure 3). The comparatively good agreement for δ18O–O2, contrasted with the548

remaining discrepancies in 17∆ocean, suggests that some processes specifically affecting549

17∆ocean may still be insufficiently represented or constrained. This mismatch is further550

exacerbated by unresolved subgrid-scale variability, which contributes to the persistent551

difference between modelled and observed 17∆ocean. Although the iLOVECLIM model552

includes the major known processes, these discrepancies likely reflect limitations in the553

representation of phytoplankton distribution and associated photosynthetic fractiona-554

tion, particularly in the Southern Ocean. In addition, the relatively sparse observational555

coverage limits the robustness of model–data comparisons. Altogether, these results high-556

light the strong sensitivity of 17∆ocean to photosynthetic activity and underscore the need557

for improved constraints on photosynthetic fractionation, expanded observational datasets,558

and further investigation into the fine-scale processes controlling 17∆ocean variability.559

5 Conclusions560

In this study, we examined δ18O–O2 and 17∆ocean at different scales. These iso-561

topic tracers are computed for the first time in a coupled Earth system model iLOVE-562

CLIM, based on the representation of oxygen isotopes. Consequently, both tracers de-563

pend on the same simulated 32O2,
33O2, and

34O2, and are therefore influenced by the564

same processes implemented in our iLOVECLIM model.565

At the largest scale, oxygen isotopic tracers exhibit spatial distributions structured566

by climatological and environmental variables. Based on a Spearman correlation and prin-567

cipal component analysis, three dominant groups were identified: hydrological, biolog-568

ical, and chemical. While δ18O–O2 integrates contributions from all three groups, 17∆ocean569

appears to be more strongly influenced by residuals processes affecting dissolved oxygen.570

At an intermediate scale, four main processes were investigated: photosynthesis,571

respiration, ocean-atmosphere exchange, and other unresolved physical processes such572

as ocean circulation. The deconvolution of isotopic signals highlights respiration as the573

primary control on δ18O–O2, whereas photosynthesis emerges as the dominant control574

on 17∆ocean. Moreover, photosynthetic and physical processes exert opposing influence575

on the isotopic proxies. While these results improve our mechanistic understanding of576

these proxies, they remain sensitive to the biological fractionation coefficients applied577

in the model.578

At smaller scales, sensitivity experiments based on a Latin hypercube approach show579

that respiration-related fractionations are tightly constrained and are independent pa-580

rameters, with 17/18θresp close to 0.517 and 18αresp decreasing with depth. In contrast,581

photosynthetic fractionations can vary as long as the dependence between 18αphoto and582

17/18θphoto is respected, corresponding to a photosynthetic signal of 226 ppm. Simula-583

tion 246 emerges as the best compromise parametrization at the global scale, reproduc-584

ing the main features of both δ18O–O2 and 17∆ocean. However, even when photosynthetic585

fractionations are optimized, the variability of 17∆ocean is not fully captured in the sur-586

face ocean. While the tracer is reasonably well reproduced in the deep ocean, its surface587

signal is dominated by fine-scale variability driven by local interactions between oceano-588

graphic conditions and biological productivity. This results in a highly heterogeneous589

surface distribution, which prevents the emergence of a robust large-scale signal. Although590

some features, such as the subsurface maximum and deep stabilization are captured, the591
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deep-ocean signal ultimately inherits surface biological activity and is therefore indirectly592

controlled by highly local processes, including seasonal mixed-layer dynamics, local pro-593

ductivity maxima and ocean circulation.594

More broadly, these results highlight both observational and model limitations. The595

observational dataset remains sparse and unevenly distributed, with measurements re-596

flecting local conditions at specific times, limiting the ability to constrain large-scale pat-597

terns. In the model, the overestimation of 17∆ocean in the Southern Ocean confirms its598

strong sensitivity to photosynthetic processes and also suggests a bias in the represen-599

tation of phytoplankton in this area. However, the good agreement obtained for δ18O–O2600

indicates that the major processes governing oxygen isotopes are realistically represented601

in iLOVECLIM. In contrast, the inability to fully reproduce 17∆ocean in the ocean sur-602

face suggests that additional processes, or poorly constrained mechanisms, may influ-603

ence this tracer beyond those currently implemented. Further work is therefore needed604

to better characterize these processes and improve both model parameterizations and605

observational coverage in order to fully exploit 17∆ocean as a marine isotopic proxy.606

Appendix A Cross section of the Atlantic and Pacific basins607
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Figure A1. Cross-section of the Atlantic Ocean for the simulation (a) CTRL, (b) the best

global simulation (246), (c) the best simulation for the Atlantic Ocean (217). In panel a, the

points represent observed data. In panels b and c, the background represents the anomaly be-

tween the simulation and the CTRL reference simulation. The first line corresponds to δ18O–O2

and the second line to 17∆ocean results.

At the basin scale, the Atlantic Ocean provides a clear illustration of the impact608

of biological fractionation on the simulated isotopic proxies. The responses obtained with609

simulation 246 are compared with those of the simulation that performs best at the basin610

scale (217). In both simulations, respiration-related fractionation coefficients induce a611

decrease in δ18O–O2. In contrast, the combined effects of respiration and photosynthetic612

fractionation lead again to a more complex response of 17∆ocean, reflecting the oppos-613

ing influences of the two biological processes. Figure A1 illustrates the spatial patterns614

associated with these different fractionation coefficient combinations. For δ18O–O2, the615

applied fractionations lead to decreases of up to approximately -5 ppm in regions char-616

acterized by high respiration rates. For 17∆ocean, fractionation effects induce decreases617

in high-respiration regions and in the deep ocean, reaching values of up to approximately618
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-15 ppm, whereas increases of about 15 ppm are observed within the photic layer, reflect-619

ing the influence of photosynthetic fractionation. Similar spatial responses are observed620

in the Pacific Ocean (Figure A2). For each basin, simulation 246 reproduces these gen-621

eral patterns, albeit with more moderate amplitudes, consistent with its role as a com-622

promise parameterization designed to provide an adequate representation across mul-623

tiple ocean basins.624
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Figure A2. Cross-section of the Pacific Ocean for the simulation (a) CTRL, (b) the best

global simulation (246), (c) the best simulation for the Pacific Ocean (297). In panel a, the points

represent observed data. In panels b and c, the background represents the anomaly between the

simulation and the CTRL reference simulation. The first line corresponds to δ18O–O2 and the

second line to 17∆ocean results.

Appendix B Arctic and Southern Oceans625

Both δ18O–O2 and 17∆ocean exhibit comparable ranges of variability across the ma-626

jor ocean basins (Figure 6; Figure B1). As in the Atlantic and Pacific Oceans, the sim-627

ulated δ18O–O2 and 17∆ocean signals in the Arctic Ocean are well reproduced in terms628

of both amplitude and spatial patterns (Figure B1). In contrast, the range of variabil-629

ity is not well reproduced in the Southern Ocean (Figure B2), particularly for the 17∆ocean.630

Observed 17∆ocean varies range from 0 to 90 ppm, whereas the model simulates a broader631

and shift range of 10 to 150 ppm.632

This discrepancy highlights the strong sensitivity of 17∆ocean of intense biological633

activity. Given that δ18O–O2 remains generally within the observed range, this suggest634

that the mismatch is more specifically related to the representation of photosynthetic635

process, and possibly to biases in phytoplankton distribution in the Southern Ocean.636
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Figure B1. Analysis of δ18O–O2 and 17∆ocean in Arctic Ocean, from (a) measured data ver-

sus (b) modelled data from the best combination for the global ocean, i.e. simulation 246. Each

point in the model corresponds to the location of the measured point and takes seasonality into

account.
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Figure B2. Analysis of δ18O–O2 and 17∆ocean in Southern Ocean, from (a) measured data

versus (b) modelled data from the best combination for the global ocean, i.e. simulation 246.

Each point in the model corresponds to the location of the measured point and takes seasonality

into account.

Open Research Section637

The source code of the iLOVECLIM model used in this study (version 1.1.7) is archived638

on Zenodo (DOI: https://doi.org/10.5281/zenodo.17379487, Clermont and Roche (2025)).639

For further information about the code, please contact Didier M. Roche (didier.roche@lsce.ipsl.fr).640

All model outputs used to generate the figures in this study are available on Zen-641

odo (DOI: https://doi.org/10.5281/zenodo.19892438, Clermont (2026)). Observational642

datasets used for model–data comparison are either publicly available from the original643

cited sources or have been compiled and included in the Zenodo repository. All corre-644

sponding references for these datasets are provided in the Application section (3.3). The645

dataset described in Stanley et al. (2015) is publicly available at: http://www.whoi.edu/beaufortgyre.646
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Conflict of Interest disclosure650

The authors declare there are no conflicts of interest for this manuscript.651

Acknowledgments652

The authors thank Melissa Hendricks for sharing her dataset from the equatorial Pacific653
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