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Abstract. The biological carbon pump consists of a collection of coupled physical and biogeochemical pro- 2

cesses, which together transport large quantities of carbon from the ocean surface to the interior. The effi- 3

ciency of this transport can vary geographically, and understanding this variation and its causes is paramount, 4

since it impacts how much carbon dioxide is sequestered by the ocean. The variability in this transfer ef- 5

ficiency is still poorly constrained, and there is no current consensus for its cause, with previous global 6

compilations being inconclusive on whether it is higher at higher latitudes than in the tropics or vice versa. 7

Here, we use a global ocean-biogeochemical model to show that seasonal variability in a spatially uniform 8

flux attenuation can lead to spatial variability emerging in annual mean transfer efficiency that matches 9

observations of being higher at high latitudes than in low latitudes. We also show that this approach can 10

explain the differences between different transfer efficiency compilations, as being due to the time and du- 11

ration of sampling, as well as the methodology used to derive the results. Our results suggest caution in 12

the mechanistic interpretation of annual-mean patterns in transfer efficiency and demonstrates the need for 13

consistent sampling in time to generate accurate estimates of the biological carbon pump that can be used 14

to constrain our understanding. It also suggests that incorporating a mechanistic model for sinking and 15

attenuation that reproduces observed seasonal cycles is necessary to understand how the biological carbon 16

pump will impact the carbon cycle in response to climate change. 17

18

Significance statement. Each year, marine phytoplankton convert carbon dioxide (CO2) into tonnes of 19

organic carbon with a fraction of it reaching the deep ocean, where it can remain for hundreds of years. 20

The efficiency of this surface-to-depth carbon transfer is therefore a key determinant of the atmosphere- 21

ocean CO2 balance. However, its variability and underlying causes are poorly understood, to the extent 22

that different studies report contradicting results. We show that the existence of seasonal variability in 23

the attenuation of sinking carbon particles may explain the observed spatial variability in annual transfer 24

efficiency and reconcile with the literature. Our findings suggest caution in interpreting results from sparse 25

but time-varying datasets, highlighting that seasonal variability should be considered when studying the 26

oceanic carbon cycle. 27

28
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Introduction31

The biological carbon pump (BCP) is an ubiquitous32

component of the ocean’s carbon cycle [1]. In this pro-33

cess, marine phytoplankton assimilate dissolved carbon34

dioxide (CO2) in the sunlit, ocean surface (top 100m)35

to produce around 50 Pg of organic carbon per year [2].36

While most of this organic carbon production is quickly37

respired back into inorganic carbon, about 10-20% of38

it is exported [3] as particulate organic carbon (POC)39

from surface waters into the mesopelagic ocean (100-40

1,000m). Eventually, part of this POC reaches the41

deep, bathypelagic ocean (below 1,000m), where it may42

remain for hundreds of years [4] before reaching the sur-43

face ocean again as dissolved inorganic carbon (DIC).44

Through this process, the BCP is estimated to have45

lowered the baseline atmospheric concentration of CO246

by more than 50% of with respect to the effects of phys-47

ical and chemical equilibrium alone [5].48

In this biogeochemical journey, there are essentially49

two contrasting processes which determine the fate of50

the exported POC: sinking and remineralisation. As51

POC sinks downward it is remineralised by being bro-52

ken down and respired by heterotrophic organisms on53

the way. It is the balance between these processes that54

determines the efficiency of the BCP in transferring55

detritus to the deep ocean. For example, given a rem-56

ineralisation rate, the faster the POC sinks, the more of57

it will survive the journey, with a higher fraction reach-58

ing the deep ocean. The ‘transfer efficiency’ (hereafter59

TE) is defined as the ratio between the POC flux at60

1,000m divided by the export flux (typically at 100m).61

Several mechanisms are thought to control sinking62

speed and remineralisation rates: sinking speed can63

depend on the composition and shape of the parti-64

cle [6, 7], particle fragmentation by zooplankton [8, 9],65

aggregation and other factors such as ballast [10, 11].66

Remineralisation rate may be dependent on the nature67

of the particle [12], microbial colonisation and degra-68

dation [13, 14], temperature- and oxygen-dependence69

of metabolic rates [15], and many other factors. Fur-70

thermore, recent lab-based evidence suggests that these71

processes might be coupled, such that faster sinking72

could enhance bacterial degradation for instance [16].73

In practice, TE is usually estimated from a model74

or observations through particle flux curves, the most75

popular being the so-called Martin curve [17, 18]. This76

formulation states that TE equals the ratio of the ex-77

port depth and the transfer depth to the power of an78

exponent, say b, where the exponent b can be esti-79

mated from flux data (Supporting Information). From80

a mechanistic point of view, b can be expressed as81

the ratio between sinking and remineralisation rates82

(Equation [7] in Supporting Information). For this83

reason, b is usually referred to as the flux attenuation84

exponent. Since the proposal of such parameterisa-85

tions for the BCP, they have been widely used in both86

data and model-based studies, often with the flux at-87

tenuation exponent assuming Martin’s original value of88

b = 0.858 [17].89

Evidence from observation and model-based stud-90

ies suggest the flux attenuation exponent, and therefore 91

TE, is significantly variable. For instance, a series of in- 92

dependent field-based investigations [19, 20, 21, 6, 22] 93

estimated values of b between 0.5 and 2.0 across the 94

ocean, later used as the basis to assess the influ- 95

ence of remineralisation depth changes on atmospheric 96

pCO2 [23, 24]. Several global compilations for TE have 97

been proposed since, with two of them standing out: 98

a compilation of thorium-derived export fluxes and 99

sediment-trap fluxes at 2,000m [25], which found TE to 100

be lower at low latitudes and high at high latitudes, and 101

a compilation obtained from a limited set of eight data 102

points collected with neutrally-buoyant mesopelagic 103

sediment-traps from the North Atlantic and Pacific, 104

which showed the opposite pattern [26]. Later studies 105

using data-constrained modelling [27, 28, 29] obtained 106

TE distributions that agreed with the latter, but were 107

not able to explain why they differ from the former. 108

More recently, there have been additional evidence for 109

seasonal variability in TE [30, 31], with numerical ex- 110

periments showing that addition of seasonal variability 111

of 60% (about the mean) in the flux attenuation pa- 112

rameter more than doubles the sequestration of carbon 113

predicted by an ocean-biogeochemical model [32]. 114

The importance of variability in flux attenuation, 115

and hence TE, goes beyond its measure of POC fluxes 116

and carbon sequestration. For instance, the spa- 117

tial patterns can be used to infer net dominant pro- 118

cesses such as temperature-dependent remineralisation 119

or ballasting, which can then be used to make predic- 120

tions of how carbon sequestration by the BCP may 121

change as a response to changes in those processes. 122

Despite the evidence for, and the importance of 123

temporal and spatial variability in the flux attenua- 124

tion and its potential influence on carbon sequestra- 125

tion, both sinking and remineralisation - as well as the 126

flux attenuation parameter - are often assumed to be 127

constant both in space and time. This is also the case 128

in higher complexity models such as the CMIP6 gener- 129

ation [33, 34], which have mechanistic representations 130

of remineralisation but often model detritus as sinking 131

at a constant speed. 132

Here, we demonstrate the importance of resolv- 133

ing seasonality in the BCP with two key results: 134

first, we use a global ocean-biogeochemical model to 135

link seasonal to spatial variability by showing that a 136

seasonally-varying flux attenuation is, by itself, suffi- 137

cient to generate spatial variability in TE, with a re- 138

sulting global distribution of annual TE that agrees 139

with those presented in the literature [26, 27, 28, 29]. 140

Second, we show that considering seasonality allows 141

the reconciliation of the apparently conflicting re- 142

sults for global annual TE spatial patterns discussed 143

above [25, 26]. 144

In what follows, we apply a uniform but seasonally- 145

varying flux attenuation of particulate organic carbon 146

within a coupled global ocean-biogeochemical model. 147

To allow a comparison between the constant and sea- 148

sonal flux attenuation scenarios, we assume that the 149

detritus is not transported by circulation and can only 150

sink vertically, as assumed in the data-constrained 151
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modelling study [27]. For full details of the model and152

assumptions used, please see the Materials and meth-153

ods section and the Supporting Information.154

Spatial variability in transfer efficiency155

In the absence of seasonal variability in the model’s156

flux attenuation bmodel and sinking speed (see Mate-157

rials and Methods; see Supporting Information), the158

annual mean TE is spatially invariant throughout the159

ocean†. This is shown in Fig. S2 (Supporting Informa-160

tion) for the model’s original value of bmodel = 1.388,161

which means that TE ≈ 0.04738 as predicted by the162

Martin curve (see Supporting Information). When sea-163

sonality in attenuation and sinking speed is present164

(Fig. 1(a)), the annual mean TE is no longer homo-165

geneous and shows a broad spatial pattern of values166

ranging from approximately 0.15-0.3 in the Southern167

Ocean, North Atlantic and North Pacific, and 0.05-0.15168

in the subtropical gyres and tropical areas. The con-169

sistent spatial pattern of high TE at high latitudes and170

low at low latitudes, particularly in the subtropics, is in171

agreement with previous attempts to estimate TE us-172

ing a variety of methods such as data-constrained mod-173

elling [27, 28], large-scale mechanistic modelling [29]174

and from neutrally-buoyant sediment traps [26]. The175

exception is the pattern obtained from a deep-sea sed-176

iment and export fluxes compilation analysis [25, 35],177

which found TE to be higher in low latitudes than in178

high latitudes, which we will return to in the next sec-179

tion.180

The annual mean TE in ocean provinces (Fig. 1(b);181

see Supporting Information for the provinces divi-182

sion and flux calculations) shows that the Antarctic183

province AAZ and North Atlantic province NA have184

high values of TE (0.18 and 0.16 respectively), while185

the subtropical provinces of STA and STP have the186

lowest values of 0.13 and 0.11 respectively, with all187

other provinces showing values in between. These es-188

timates are in good qualitative agreement with previ-189

ous modelling studies [29] and within the uncertainty190

margin of data-constrained modelling studies [27, 28]191

for all provinces but STP and NP in the Pacific Ocean,192

with the caveat that our province division is similar but193

slightly different (see Supporting Information). The194

annual global mean TE is 0.14, which also falls be-195

tween the high and low latitude values in Fig. 1(a).196

However, it is slightly lower than the 0.15 given by the197

Martin curve when b = 0.858.198

The emergence of a spatial pattern in TE in the199

model, despite having a spatially-homogeneous flux at-200

tenuation, is a direct consequence of the seasonal vari-201

ability in the attenuation. If the attenuation is invari-202

ant throughout the year, its effect on the sinking de-203

tritus concentrations (and fluxes) is simply to reduce204

the concentration of detritus with depth, but keeping205

the shape of the time series unchanged (Fig. 2(a)), like206

a travelling wave under damping. Therefore, at dif-207

†Note that, after spinup, the cycle is quasi-periodic and not
100% periodic.

ferent depths, the detritus concentration has the same 208

seasonal cycle, but with an increasing lag relative to 209

the export depth, as illustrated for a location in the 210

South Atlantic in Fig. 2(c). Because this attenuation 211

is constant at all locations, the ratio between the 1- 212

year integral of the time series at any two depths be- 213

low the export depth will be the same at any location 214

(Fig. 2(a)). If seasonality is present, the differing at- 215

tenuation at different times of the year will alter the 216

time series of flux at depth, as periods of higher flux 217

from the surface may coincide with low attenuation 218

in some places and high attenuation in others. The 219

deeper the depth horizon considered, the greater the 220

lag with respect to the time series at the export depth, 221

as shown in Fig. 2(b)and Fig. 2(d). As this distortion 222

is dependent on the time series, the ratio between the 223

1-year integral of the time series at two depths below 224

the export depth will be different at different locations. 225

Examples of modelled time series in the Pacific and In- 226

dian Oceans are shown in Supporting Information. 227

Despite the clear link between seasonality and spa- 228

tial variability, the above does not exclude the possi- 229

bility of the existence of a background spatial trend in 230

TE. Instead, our results demonstrate that annual spa- 231

tial variability may not emerge uniquely from spatially- 232

varying processes, such as temperature-dependent rem- 233

ineralisation, but could also arise from non-linear cou- 234

pling between processes. 235

Reconciling previous studies 236

Our findings from the previous section are in agreement 237

with those from several modelling and observation- 238

based studies [26, 27, 28, 29], but at odds with es- 239

timates from a set of deep-ocean sediment trap and 240

Thorium-derived export fluxes [25]. 241

Previous suggestions [26] on how to reconcile these 242

divergent estimates focused on the possibility of a fast 243

upper mesopelagic attenuation followed by slow atten- 244

uation in the deep ocean in warm waters, with the 245

converse happening in cold waters, but did not con- 246

sider the role of seasonality and variability in flux at- 247

tenuation and sinking speeds, nor the implicit steady- 248

state assumption that is inherent in most reports of 249

short-term observations of sinking POC [36]. Although 250

this temperature-attenuation relationship was later ob- 251

served in a data-constrained model analysis [28], the 252

existence of this phenomenon was not enough to gen- 253

erate the high-latitude low-TE patterns [28]. 254

Here we argue that the different time scales intro- 255

duced by temporal variability of attenuation and sink- 256

ing could provide an explanation for the high-latitude 257

low-TE pattern. In a situation where flux attenuation 258

and sinking speed vary seasonally, sufficiently frequent 259

sampling to allow representation of global annual av- 260

erages is not typically viable with ship-based observa- 261

tions. The existence of a seasonal cycle itself implies 262

that if sampling the same location in the ocean at dif- 263

ferent times of the year, estimates of flux attenuation 264

and TE are likely to be quite different. In addition, the 265
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Figure 1: Annual mean transfer efficiency (TE), when detritus is not transported by the ocean circulation. Top:
(a) TE for a seasonal bmodel - the solid black contour lines represents the TE computed from the Martin curve
for b = 0.858. Bottom: (b) annual mean TE in each ocean province (definition in the Supplementary Materials)
using data from this study (blue bars) and the data-constrained modelling study [27] (red bars, with intervals
indicating the uncertainty in their analysis), with the yellow bar showing the value for TE as estimated using
the Martin curve (Supplementary Materials) for b = 0.858. Note that the province definition in this study and
in the data-constrained modelling study [27] are slightly different (see Supplementary Materials).
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Figure 2: Exported detritus attenuation in constant and seasonal attenuation scenarios, when detritus is not
transported by the ocean circulation. Top: schematic representation showing how detritus is attenuated in a
non-seasonal scenario (a) and when seasonality is present (b). In (a), detritus that is at the export depth z0 at
an instant t0 would be uniformly attenuated, reaching a depth z1 at an instant t1, as shown by the green arrow.
Then, the attenuation continues at an uniform rate, with sinking speed increasing as a function of depth, so
that the remaining detritus reaches the transfer depth zn at an instant tn. As both attenuation and sinking are
constant in time, this process is independent of the starting point, as shown by the dark grey arrows, which are
parallel to each other. In (b), the attenuation varies seasonally and hence the journey of detritus is dependent
on time of the year. For instance, detritus that is at the export depth z0 at the instant t0 depicted would go
through a lower attenuation, sinking at a faster rate until it reaches z1 at the instant t1, as shown by the red
arrow. This is then followed by a faster attenuation, when detritus sinks at a slower rate, until it reaches the
transfer depth zn at an instant tn, as shown by the light blue arrow. For detritus leaving z0 at other times,
the attenuation journey would be different, and hence the grey arrows are not parallel. Bottom: time series for
detritus concentration in the South Atlantic (43.59◦S, 29.53◦W) at different depths for a constant bmodel = 1.388
(c) and a seasonal bmodel (d). Note the changing scale of the y-axes in panels (c) and (d).
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seasonal cycle could be highly episodic: as ship-board266

observations are collected for very short periods, sam-267

pling might occur in e.g. an overall period of slow268

sinking with occasional short-lived peaks. Hence, com-269

piling short duration observations from several years270

made at different times of the year and at different271

locations, might be misleading.272

To test whether this mechanism could provide an273

answer to the contrasting patterns of TE reported by274

the Thorium-based study [25], we reproduced their275

sampling methodology as closely as possible from our276

model simulations, given the limitations of our mod-277

elling framework (see Supporting Information).278

Fig. 3 shows the results of reproducing the279

Thorium-based study [25] using the same model data280

used to produce Fig. 1. Instead of computing the an-281

nual average export and transfer flux to produce a TE282

map as in Fig. 1(a), we sampled the model data at loca-283

tions and times that best matched their approach (see284

Supporting Information for details). Specifically, we285

randomly sampled a total of 150 high and low latitude286

locations shown in Fig. 3(a), from which we took an-287

nual fluxes at 1,000m and seasonally averaged fluxes at288

120m, with the corresponding mean upper-mesopelagic289

temperature (120m-540m) for the same period. We290

then used these data to compute TE at each sam-291

pled location, which was correlated (both linearly and292

exponentially, see Supplementary Materials) with the293

upper-mesopelagic mean temperature at the same lo-294

cation, as shown in Fig. 3(b). This process was re-295

peated 10,000 times to quantify the uncertainty, giving296

a normally-distributed R2 with mean 0.78 and vari-297

ance 0.029 for the exponential regression (see Supple-298

mentary Materials). The mean correlation maps (lin-299

ear and exponential) were then used to produce global300

TE maps. The resulting map for the exponential fit301

is shown in Fig. 3(b) (see Supplementary Materials for302

the linear fit map). Surprisingly, this provides a fairly303

reasonable explanation to the differences with the sed-304

iment trap-based study [26], showing a low TE in high305

latitudes and a higher TE in the tropics and subtropics,306

hence suggesting that the seasonal signal for export in307

these periods were enough to reverse the TE pattern308

from Fig. 1(a) - even though both TE maps were gen-309

erated from the same data.310

These results suggest that temporally-inconsistent311

data compilations could lead to differing conclusions,312

particularly when generalised to non-sampled parts of313

the ocean. In this case, measurements that have some314

consistency in time (i.e. from around the same time of315

the year) and location might be required to draw ro-316

bust conclusions on the processes driving the biological317

carbon pump.318

This study has some important limitations, in-319

cluding the use of a coarse resolution model which320

does not resolve small scale processes, as well as321

a periodically-repeating circulation. However, these322

methods have been successfully employed in a variety323

of studies [37, 38, 27, 28, 39]. Another limitation is in324

the use of a non-mechanistic seasonal cycle, which is325

based on very limited evidence [30, 31], and is noth-326

ing more than a minimal representation of seasonal 327

variation in attenuation. In reality, it may vary in 328

both amplitude and phase with location. The shape 329

(i.e. how peaked) of the attenuation time series might, 330

at some locations, be quite different from the simple 331

profile (see Materials and Methods) considered in this 332

work, and such a difference may also impact the re- 333

sults. In addition to that, the results in this study 334

also ignore the effects, albeit small, of circulation in 335

the transport of detritus, meaning that it can only 336

move vertically due to gravity, but is not transported 337

laterally. However, this is consistent with the data- 338

constrained modelling study [27], which also assumed 339

that the horizontal transport of detritus is negligible 340

relative to the vertical sinking in their flux reconstruc- 341

tion. The coarse resolution also prevents a reproduc- 342

tion of the neutrally-buoyant sediment trap study [26], 343

since their study corresponds to only 8 data points (4 344

North Atlantic, 4 North Pacific) which in our coarse- 345

resolution model, roughly corresponds to only 4 loca- 346

tions. Among those, 3 North Atlantic locations near 347

Iceland, and two locations near Japan are land points 348

in our model, and hence we would have only 3 data 349

points (averaged over a 2.8 degrees resolution cell) to 350

work from, therefore compromising the statistical sig- 351

nificance of the analysis. 352

These however do not affect the purpose of this 353

study, which is not to reproduce reality ipsis literis but 354

to test a hypothesis and demonstrate a phenomenon. 355

Hence, despite being successful in reconciling previous 356

literature results while highlighting an important but 357

neglected phenomenon, it should not be taken as an 358

intended accurate depiction of the real seasonal cycle, 359

nor be reproduced in models as such. Note that it 360

also ignores the fact that a real time series might show 361

inter-annual variability, and hence its scope is limited 362

to the hypothesis tested in this study. 363

Sampling, modelling and ways forward 364

How do we take into consideration the seasonal vari- 365

ability of sinking detritus and its attenuation to im- 366

prove estimates of the biological carbon pump? A 367

rather simplistic answer would be that measuring 368

fluxes at many locations and depths and throughout 369

the whole year for many years, and using this data to 370

calibrate state-of-the-art ocean-biogeochemical mod- 371

els, may solve the issue. Unfortunately, such a large- 372

scale, high-frequency sampling and optimisation ap- 373

proach would be costly and is logistically unfeasible 374

in the near future, although BGC-Argo floats [40, 41] 375

and derivative-free computational optimisers [42] offer 376

some hope. 377

Instead, we argue that efforts should be put towards 378

unravelling the mechanisms behind seasonal variability 379

in the POC dynamics and incorporating it into mod- 380

els. This is of particular relevance for sinking speed 381

as an important influence in POC attenuation, char- 382

acterised by shifts between slow sinking particles (for 383

which advection could be relevant and remineralisa- 384
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Figure 3: Annual mean TE computed from model data following the procedure in the thorium-based study [25].
Top: (a) export and transfer fluxes were sampled randomly, and (b) a nonlinear (exponential) regression of the
resulting TE against the upper-mesopelagic temperature was performed. This procedure was repeated 10,000
times and the resulting parameterisation was used to compute the TE map shown in panel (c).
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tion, aggregation and consumption takes place in the385

mesopelagic) and fast sinking particles (for which the386

influence of circulation is less relevant and gravity-387

driven movement dominates its dynamics). Therefore,388

a more realistic representation of the POC flux at-389

tenuation would likely be a dynamic, mechanistic one390

and likely to be dependent on other tracers, such as391

zooplankton (which can affect fragmentation [8]), oxy-392

gen [43] and possibly including bacteria and higher or-393

ganisms such as fish - rather than being the smooth394

seasonal cycle used in the present study.395

With that in mind, there are at least a couple396

of ways forward. The first is to elucidate the sea-397

sonal cycle using observations at different locations,398

at different depths and times. We believe that this399

could be achieved through use of both in-situ and re-400

motely sensed data already available [41] (e.g. via data-401

constrained models [27, 28] or high-resolution data as-402

similation [44]), but also purposely designed fieldwork.403

Autonomous vehicles, which can collect high frequency404

data over months or years, and at several remote loca-405

tions, will allow the seasonal cycle in particle flux to406

be constrained [45, 30] while reducing the (representa-407

tion) error of using localised data as representative of408

large areas [46, 47] - which is an overlooked problem409

in ocean modelling, where single grid cells often repre-410

sent areas of hundreds of kilometres. Controlled labo-411

ratory experiments may also be of help [16]. Alongside412

these efforts, the information gathered could support413

the derivation of robust mechanistic relationships be-414

tween sinking, remineralisation, flux attenuation and415

other tracers and fields such as phytoplankton and zoo-416

plankton biomass, net primary production, tempera-417

ture, upper-mesopelagic ocean circulation, and others.418

This seasonal and mechanistic perspective has also419

important consequences for the understanding of the420

BCP under climate change. In fact, if one assumes421

that the sinking speed depends mechanistically on e.g.422

the ecosystem dynamics, one should expect that these423

cycles would vary seasonally but also inter-annually424

as the dynamics change due to anthropogenic forcing.425

Hence, for a robust understanding of the BCP under a426

transient climate, it is essential that we: 1) obtain di-427

rect measurements (or indirect estimates) of annual cy-428

cles at a suitable resolution (at least weekly to be com-429

parable with high-turnover tracers such as phytoplank-430

ton); 2) elucidate leading order mechanisms behind431

variability in sinking speed and attenuation; 3) test432

any findings using computationally-affordable ocean-433

biogeochemical frameworks (such as the one used in434

this study); 4) whenever feasible, incorporate the find-435

ings in the next generation of IPCC models.436

In this case, we note that most CMIP6 models437

adopt constant (in time, space and depth) sinking438

speed [33, 34], with only two models using a variable439

formulation: one has a sinking speed that is constant440

in time but increases with depth [48], and another has441

a sinking speed that varies according to the nutrient442

stress [49].443

Summary and conclusion 444

In this paper we tested the hypothesis that seasonal 445

variation in TE can explain spatial patterns that might 446

otherwise result in biases in estimating the BCP. We 447

showed that the addition of a seasonal cycle in the flux 448

attenuation and sinking speed has at least three strik- 449

ing consequences for the global patterns of annual TE. 450

First, spatial variability is generated despite both flux 451

attenuation and sinking speed being spatially homoge- 452

neous at each instant of time. Second, the emerging 453

spatial pattern in annual TE is highly similar to that 454

reported in the literature [26, 27, 28, 29]. Third, ac- 455

counting for the seasonality allows for the high-latitude 456

high-TE map [26] to be reconciled with the Thorium- 457

based high-latitude low-TE pattern [25]. 458

These results suggest that seasonal variability in 459

flux attenuation and sinking speed may be a route for 460

generating spatial variability in annual TE, as a nat- 461

ural emerging property of the system dynamics. This 462

is different from imposing a spatially-varying TE or 463

bmodel a priori, and is the simple consequence of the 464

coupling between two nonlinear and seasonal time se- 465

ries (i.e. flux attenuation and export of organic ma- 466

terial; or equivalently, sinking speed and detritus con- 467

centration) to obtain fluxes - excluding the transport 468

due to circulation. 469

This has also implications for CMIP-class models 470

run in a climate change scenario: changes in climate 471

forcing might trigger changes in the seasonal cycle and 472

hence impact spatial variability too. Hence, assuming a 473

fixed spatial and temporal pattern in flux attenuation 474

limits the model assessment of the BCP and seques- 475

tration under climate change in the IPCC scenarios. 476

Currently, all CMIP models have invariant in time and 477

space (and all but one have a constant in depth) sink- 478

ing speed [33, 34], and incorporating mechanistic mod- 479

els for sinking particles is a challenge for the CMIP7 480

generation and beyond. 481

Finally, observationally resolving the temporal 482

scales of fluxes and related processes such as sinking 483

speed, remineralisation, and metabolic rates would rep- 484

resent a big step towards a better quantification and 485

understanding of the BCP. Model estimates of flux are 486

hard to validate due to sparsity of observations [27], 487

not only spatially but especially temporally, but there 488

is a potential for autonomous observations to fill in 489

some of the gaps - particularly the seasonal variabil- 490

ity [45, 30, 9, 41]. Even if such data are available, the 491

computational costs to fit a model to it could be be- 492

yond computational capability for most complex mod- 493

els, given the number of degrees of freedom to be con- 494

strained. Use of data-constrained models and machine 495

learning offer some hope and can be a fruitful avenue 496

to extract information from the more abundant data 497

existent for other tracers, and should be one of the top 498

priorities for the biogeochemical modelling community 499

over the next few years. 500

8



Materials and methods501

Diagnostic model502

We use a coupled global ocean-biogeochemical model.503

The biogeochemical component is the GEOMAR504

NPZD-DOP model [50, 51]. The biogeochemistry505

is coupled to the circulation via a transport-matrix506

(TMM) framework [52, 37, 53]. For the circulation,507

we use 12 monthly averaged transport matrices derived508

from the MITgcm 2.8° [52, 53]. This model includes de-509

tritus explicitly as a tracer, which sinks at an intrinsic510

speed w(z) = a ·z m day−1, a > 0, and is remineralised511

at a constant rate λ = 0.05 day−1. In the absence of512

circulation, the 1-year average fluxes are given by the513

Martin curve, with b = λ/a. To avoid confusion with514

the Martin curve, we denote the model’s flux attenua-515

tion by bmodel [32]. With the TMM, it is also possible516

to easily turn off circulation influence on detritus, and517

hence remove its effect on detritus transport [32]. The518

latter is a crucial point in this study and, in all simula-519

tions, the ocean circulation does not act on the sinking520

detritus (but do act on all other tracers).521

Seasonal cycle522

The model has been modified to incorporate season-523

ality in its flux attenuation by modifying its sinking524

speed: since a = λ/bmodel, we replace bmodel by a525

seasonally-varying version with variability of 60% from526

the model’s original reference value of bmodel = 1.388,527

as shown in Fig. S1 (Supporting Information). This528

covers the range of observed values from about 0.5 to529

2.0 [23]. The phase is chosen to be approximately 3530

months ahead of growth and solar radiation (Support-531

ing Information), and is within the uncertainty margin532

reported from annual sediment trap data for the North533

Red Sea [31]. The former means that fastest sink-534

ing (lowest attenuation and highest transfer efficiency)535

happens between February and May (as suggested by536

North Atlantic glider data [30]), which occurs 3 months537

after maximum growth. Note that the seasonal bmodel
538

spatially homogeneous at each instant of time, so there539

is no spatial variability in bmodel or in sinking speed at540

each depth.541

Model data542

All model output used in this work is freely available543

online on Zenodo [54]. The data [27] used to gener-544

ate Fig. 1(b) is available on Bitbucket [29, 55]. All fig-545

ures in this work were generated by the authors, except546

the aforementioned Fig. 1(b), which includes data from547

the data-constrained modelling study [27] published by548

others [29]. Fig. 2(a) and Fig. 2(b) were generated us-549

ing the software GeoGebra [56].550
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F. DE MELO VIRÍSSIMO1,2,∗, A. P. MARTIN1, S. A. HENSON1, J. D. WILSON3,4

1National Oceanography Centre, Southampton, SO14 3ZH, United Kingdom
2Grantham Research Institute on Climate Change and the Environment, London School of Economics and Political

Science, London, WC2A 2AE, United Kingdom
3School of Earth Sciences, University of Bristol, Bristol, BS8 1QU, United Kingdom

4Department of Earth, Ocean and Ecological Sciences, University of Liverpool, Liverpool, L69 3GP, United Kingdom

NOTE: THIS IS A NON-PEER REVIEWED PREPRINT SUBMITTED TO EARTHARXIV

This PDF file includes:1

• Supplementary text2

• Figures S.1 to S.143

• Tables S.1 to S.24

• SI References5

∗Corresponding Author. e-mail: f.de-melo-virissimo@lse.ac.uk.

1



1 Diagnostic model6

The diagnostic model [1, 2] used in this study has been modified to include a seasonal cycle in the model’s7

flux attenuation and sinking speed coefficient, which we denote by bmodel and a (day−1) respectively - the8

latter making the sinking speed as w(z) = a · z (m day−1). This change alters the sinking speed such that9

a = λ/bmodel [1, 3] (see also Equations (2.4), (3.4) and (3.5) below).10

The seasonal bmodel is presented in Fig. S.1 and is mathematically given by11

bmodel(t, ϕ) = 1.388 + sign(ϕ) · 0.6 · cos (2 · π · (t/T ) + (θ · π/6)) (1.1)

There, t corresponds to the time (in days) and T = 360 days. The number 1.388 corresponds to the optimal,12

original bmodel in which the model is normally run. The value 0.6 is chosen so that bmodel goes from about13

0.5 to just above 2.0 across the year, therefore covering the range of observation-derived values reported in the14

literature [4]. The phase is chosen to be θ = 3 months [5, 6], so that faster sinking (low attenuation) happens15

about 3 months after maximum growth as indicated in Fig. S.1(c). The variable ϕ corresponds to the latitude,16

which varies from -90◦ to 90◦. Hence, the signal function sign(ϕ) is positive in the Northern Hemisphere and17

Negative in the South. This means that, at each instant of time, the seasonal cycle is spatially homogeneous in18

each hemisphere.19

The biogeochemical model is coupled to an offline version of the MITgcm 2.8◦ via the transport-matrix20

method (TMM) [7, 8, 9]. In addition to the well known advantages of using the TMM, this coupling allows one21

to easily turn off the circulation contribution to the detritus dynamics, which in turn is necessary to properly22

assess the influence of seasonality in transfer efficiency, as well as to compare our results with those obtained in23

the data-constrained modelling study [10].24

All figures shown in this Supporting Information were generated from the model output available on Zen-25

odo [11].26

1.1 Detritus modelling27

Below the export zone z0 (in this model set as z0 =120m), the detritus pool is modelled as a passive tracer28

according to the following equation [1]29

∂

∂t
C(x, y, z, t) = circulation + sinking + remineralisation, (1.2)

where C(x, y, z, t) is the detritus concentration at a point (x, y, z) in space and at an instant t in time (days).30

While the circulation component in Equation (1.2) is given by an advection-diffusion equation (plus eddy31

parameterisations) [12] that have been stored as a series of 12 transport matrices [7], both sinking and reminer-32

alisation components are modelled as below, following [1]:33

sinking =
∂

∂z
(w(z) · C(x, y, z, t)) ,

where w(z) is the sinking speed (m day−1),34

remineralisation = − (λ · C(x, y, z, t)) .

where λ is the remineralisation rate (day−1).35

This leads to the following equation36

∂

∂t
C(x, y, z, t) = circulation +

∂

∂z
(w(z) · C(x, y, z, t))− (λ · C(x, y, z, t)) , (1.3)

which is the general equation for detritus in this model [1].37

1.2 Spinup and analytical solution38

The model was spun up for 3,000 years to reach a consistently quasi-repeating annual cycle, a procedure that is39

consistent with the literature [1]. This means that, if C is the solution, then C(x, y, z, t) = C(x, y, z, t+ T ), for40

any t > 0 after the model has been spun up, where the 1-year period in this model is given by T = 360 days.41

Hence,42 ∫ T

0

∂

∂t
C(x, y, z, t)dt = C(x, y, z, T )− C(x, y, z, 0) = 0, (1.4)

Note that, in general
∂

∂t
C(x, y, z, t) ̸= 0 as the concentration is not stationary after (or during) spinup (as43

shown in previous studies [3]). The relationship above shows that it is the annual average after spinup that is44

stationary.45
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From the above, we are able to derive an analytical solution for the detritus concentration. If we ignore the46

circulation component and integrate both sides of Equation (1.3) over 1-year period T , the left-hand side will47

be zero, while the right-hand side will lead to an ordinary differential equation (ODE) to give C. This can be48

solved analytically and the solution will be given by the Martin curve (see Equation (3.4)).49

2 Revisiting particle flux and transfer efficiency50

The POC transport at a location is usually quantified in terms of its molar flux F , which is given by the number51

of moles per unit time per unit area. Mathematically, we have52

F (x, y, z, t) = w(z) · C(x, y, z, t), (2.1)

where C and w are the POC concentration and sinking speed, respectively. From now on, we shall omit the53

independent variables x and y (latitude and longitude, respectively) for simplicity, since all the analyses here54

are on depth z and time t.55

The annual transfer efficiency TE, from the export depth z0 to a depth z > z0, is given by56

TE =
F (z, t)

F (z0, t)
, (2.2)

where the overline denotes the 1-year average.57

2.1 Seasonality as a source of spatial variability58

If the sinking speed w does not depend on time, then59

F (z, t) =

(
1

T

)∫ T

0

w(z) · C(z, t)dt = w(z) ·
(
1

T

)∫ T

0

C(z, t)dt = w(z) · C(z, t). (2.3)

meaning that the sinking speed and concentration are essentially decoupled in time. In other words, the mean60

of the product equals the product of the means.61

In the absence of circulation, this implies in an analytical solution to the flux of detritus and TE. In fact,62

ignoring circulation leads to63

∂

∂t
C(x, y, z, t) =

∂

∂z
(w(z) · C(x, y, z, t))− (λ · C(x, y, z, t)) ,

If we integrate both sides of this equation over 1-year period T , we get64

C(x, y, z, T )− C(x, y, z, 0) =
∂

∂z

(
w(z) · C(x, y, z, t)

)
−
(
λ · C(x, y, z, t)

)
,

which combined with Equation (1.4) gives65

∂

∂z

(
w(z) · C(x, y, z, t)

)
−

(
λ · C(x, y, z, t)

)
= 0.

The equation above can be rewritten as an ODE in z for C, which has an analytical solution given by the66

Martin curve (see Equation (3.4)). Hence (see also Equation (3.5)),67

TE =
F (z, t)

F (z0, t)
=

w(z) · C(z, t)

w(z0) · C(z0, t)
=

(
z

z0

)−λ/a

. (2.4)

Therefore, in the absence of circulation, the annual mean TE should be constant throughout the ocean, with68

the value given by Equation (2.4). This is illustrated in Fig. S.2 for the model’s −λ/a = bmodel = 1.388, where69

the export depth z0 = 120m and the transfer depth z =1,080m. In these conditions, Equation (2.4) gives70

TE≈ 0.04738, in very good agreement with Fig. S.2.71

The same does not happen if a (and hence the sinking speed) varies seasonally. In fact, if we suppose that72

a = a(t), then w = w(z, t) = a(t) · z and hence the sinking speed cannot be taken out of the time-average73

integral in Equation (2.3). In other words, if w does depend on time, then74

F (z, t) =

(
1

T

)∫ T

0

w(z, t) · C(z, t)dt = w(z, t) · C(z, t) ̸= w(z, t) · C(z, t), (2.5)

and the relationship in Equation (2.4) does not hold for a = a(t).75

This coupling between seasonality in sinking speed and seasonality in detritus concentration implies that,76

at each point in space (due to spatial variability in detritus concentration) and depth (due to the variability77

in time of the already sinking detritus), a different time series with different annual mean will emerge, hence78

leading to spatial variability in the flux ratios - and in particular in TE.79
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2.2 Examples80

Examples illustrating the influence of seasonality in the detritus concentration and fluxes are provided in Fig. S.381

to Fig. S.7 for the South Atlantic, North Atlantic, South Pacific, North Pacific and Indian oceans, respectively.82

Fig.S.3(a) and Fig. S.3(b) are also shown in the main manuscript as Fig. 2(c) and Fig. 2(d), respectively.83

3 Metrics computed84

The local transfer efficiency TE at a point latitude x and longitude y is defined as85

TE(x, y) =
F (x, y, z = 1, 080m)

F (x, y, z = 120m)
. (3.1)

The globally-integrated flux at a depth z = z∗m is given by86

Fz∗m =

∫
(x,y)

F (x, y, z = z∗m)dxdy. (3.2)

The global transfer efficiency can be computed as87

TEglobal =
F1,080m

F120m
, (3.3)

where the export and transfer depth values of z = 120m and z = 1, 080m respectively are imposed by the model88

as the depths where the diagnostic fluxes are evaluated.89

Martin curve is given by90

F (x, y, z) = F (x, y, z = z0) ·
(

z

z0

)−b

, (3.4)

where b is the flux attenuation parameter. In the conditions of Equation (2.3) and Equation (2.4), we have that91

b = λ/a.92

From the Martin curve above, it follows that93

TE =
F (x, y, z = 1, 080m)

F (x, y, 120m)
=

(
z = 1, 080m

z = 120m

)−b

. (3.5)

3.1 Mean temperature94

Here we consider the annual mean of the upper-mesopelagic (120-540m) ocean temperature. This average takes95

in consideration the relative volume of each grid box and can be computed as96

Tempup−meso(x, y) =

(
1

Volup−meso(x, y)

)∫ z=540m

z=120m

Temp(x, y, z)dz, (3.6)

where Temp(x, y, z) is the 1-year ocean mean temperature and97

Volup−meso(x, y) =

∫ z=540m

z=120m

Vol(x, y, z)dz (3.7)

is the volume of the upper-mesopelagic water column at each point (x, y), with Vol(x, y, z) being the volume of98

the grid box located at (x, y, z).99

3.2 Provinces division100

The division of the ocean in zones (or provinces) used here is similar to that adopted in previous studies [10] and101

is based on the annual mean of the upper-mesopelagic ocean temperature as main indicator, as well as latitude102

and longitude. The division is described below, and the result is shown in Fig. S.8. Note that the latitude and103

longitude differs from the label in Fig. S.8: in the description, the latitude ranges from −90◦ (corresponding104

to 90◦ South) to 90◦ (corresponding to 90◦ North) and the longitude ranges from 0◦ (corresponding to the105

Greenwich Meridian) eastward to 360◦. This due to the data being labelled that way.106

• Antactic Zone (AAZ): Tempup−meso(x, y) < 4 and Latitude < −45◦.107

• Subantarctic Zone (SAZ): 4 ≤ Tempup−meso(x, y) < 13.5 and Latitude < −35◦.108
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• North Pacific (NP): 4 ≤ Tempup−meso(x, y) < 13.5 and Latitude > 25◦ and Longitude < 280◦.109

• North Atlantic (NA): −10 ≤ Tempup−meso(x, y) < 13.5 and Latitude > 25◦ and Longitude < 100◦ and110

Longitude > 250◦.111

• Eastern Tropical Atlantic (ETA): 4 ≤ Tempup−meso(x, y) < 13.5 and −35◦ < Latitude < 25◦ and Longi-112

tude < 50◦ and Longitude > 300◦.113

• Eastern Tropical Pacific (ETP): 4 ≤ Tempup−meso(x, y) < 13.5 and −35◦ < Latitude < 25◦ and 50◦ <114

Longitude < 300◦.115

• Subtropical Pacific (STP): Tempup−meso(x, y) ≥ 13.5 and Longitude < 274.2◦.116

• Subtropical Atlantic (STA): Tempup−meso(x, y) ≥ 13.5 and Longitude > 274.2◦.117

3.3 Flux profiles118

The flux profile in each province X is computed as the average flux across the province as below119

FprovinceX(z) =

(
1

AreaprovinceX(z)

)∫
(x,y)

F (x, y, z)dxdy, (3.8)

where AreaprovinceX(z) is the area of the province at each depth z. These fluxes are then used to compute TE120

at each province using the equation above. This is shown in Fig. 1(c) in the main manuscript.121

3.4 Assumptions122

In all the above, we only use output where the model is at least 1,080m deep. This excludes shallow areas123

such as shelves and coastal locations, but including them would introduce a significant bias to the export fluxes124

relative to the deep ocean transfer flux.125

4 Reproducing Henson et al. (2012)126

The Henson et al. (2012) [13] data compilation included global flux data at 41 locations spanning several regions127

of the world. These locations, however, are mostly concentrated in the Southern Ocean (below 45°S), Tropical128

areas (15°N-15°S), and both Northern Atlantic and Pacific oceans. These fluxes differ in date and sampling129

time length, and also in the methodology. The export fluxes (100m ± 20m) are thorium-derived, and in high130

latitudes were collected mostly in summer months while those in the tropics where collected all through the131

year. The deep ocean fluxes (2,000m) are annual mean based on deep-ocean sediment trap data, collected at132

different depths and extrapolated to 2,000m via the Martin curve with b = 0.86. The transfer efficiency is133

then calculated using these annually-averaged deep ocean fluxes divided by the short-sampled, localised export134

fluxes, with the results being extrapolated to the rest of the ocean via a relation with satellite data.135

To compute TE according to their methodology, we randomly sampled 150 points (50 at each region below)136

from the aforementioned areas as follows:137

• Southern latitudes (below 45°S): average over summer months (January-March) and computed TE at138

50 randomly sampled locations;139

• Northern latitudes (above 45°N): average over summer months (July-August) and computed TE at 50140

randomly sampled locations;141

• Tropical latitudes (15°N-15°S): average over the entire year and computed TE at 50 randomly sampled142

locations.143

The same procedure was followed to compute the 1-year average upper-mesopelagic temperature (120m-540m)144

at each sampled location. An example of this sampling is shown in Fig. S.9.145

We then performed both linear and nonlinear (exponential) regressions of this sampled TE and upper-146

mesopelagic temperature data, as shown in Fig. S.10. These are based on the following equations for TE as a147

function of Tempup−meso:148

TE = αlinear · Tempup−meso + βlinear.

and149

TE = αexp ·
(
eβexp·(Tempup−meso−Tempref)

)
+TEref ,
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where αlinear, βlinear and αexp, βexp are the parameters to be fitted in the linear and nonlinear regressions.150

There, we chose Tempref = 14 and TEref = 0.042, which are based on the range of observed TE and and151

upper-mesopelagic temperature observed in the sampled model data.152

To quantify the uncertainty, we repeated this procedure 10,000 times, with results shown in Tables S.1, S.2153

and Figs. S.11, S.12. This resulted in the following regression relationships:154

TE = 0.0028 · Tempup−meso + 0.0406. (4.1)

TE = 0.0378 ·
(
e0.1620·(Tempup−meso−14)

)
+ 0.042. (4.2)

We then used these relationships to infer the TE profiles, as shown in Figs. S.13 and S.14 for the linear and155

exponential parameterisations respectively. These are consistent with Henson et al. (2012) [13], showing TE156

that is higher at low latitudes and low at high latitudes.157
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Figure S.1: Seasonal bmodel in the Southern Hemisphere. Top: (a) Growth rate vs. solar radiation; (b) Seasonal
bmodel vs. solar radiation. Bottom: (c) Seasonal bmodel vs. growth rate; (d) Seasonal bmodel and extreme values.
Versions of (a) and (b) also appear in de Melo Viŕıssimo et al. (2022) [3]

Table S.1: Statistics for linear regression in Equation (4.1) from a 10,000 random sample, p-value < 0.005.

linear regression parameters R2 αlinear βlinear

µ (mean) 0.7326 0.0028 0.0406
σ (variance) 0.0286 1.0957e-04 6.4315e-04

Table S.2: Statistics for nonlinear (exponential) regression in Equation (4.2) from a 10,000 random sample,
p-value < 0.005.

nonlinear (exponential) regression parameters R2 αexp βexp

µ (mean) 0.7807 0.0378 0.1620
σ (variance) 0.0294 0.0015 0.0067

7



Figure S.2: Annual mean TE for a non-seasonal, constant bmodel = 1.388. A version of this figure also appear
in de Melo Viŕıssimo et al. (2022) [3]
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Figure S.3: Exported detritus attenuation in a constant and seasonal attenuation scenarios, when detritus is
not transported by the ocean circulation. Top: time series for detritus concentration in the South Atlantic
(43.59◦S, 29.53◦W) at different depths TE for (a) a constant bmodel = 1.388 and (b) a seasonal bmodel. Bottom:
time series for detritus flux for (c) bmodel = 1.388 and (d) a seasonal bmodel.
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Figure S.4: Exported detritus attenuation in constant and seasonal attenuation scenarios, when detritus is not
transported by the ocean circulation. Top: time series for detritus concentration in the North Atlantic (43.59◦N,
35.52◦W) at different depths for (a) a constant bmodel = 1.388 and (b) a seasonal bmodel. Bottom: time series
for detritus flux for (c) bmodel = 1.388 and (d) a seasonal bmodel.
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Figure S.5: Exported detritus attenuation in a constant and seasonal attenuation scenarios, when detritus is not
transported by the ocean circulation. Top: time series for detritus concentration in the South Pacific (46.41◦S,
150.47◦W) at different depths TE for (a) a constant bmodel = 1.388 and (b) a seasonal bmodel. Bottom: time
series for detritus flux for (c) bmodel = 1.388 and (d) a seasonal bmodel.
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Figure S.6: Exported detritus attenuation in a constant and seasonal attenuation scenarios, when detritus is not
transported by the ocean circulation. Top: time series for detritus concentration in the North Pacific (49.21◦N,
136.41◦W) at different depths TE for (a) a constant bmodel = 1.388 and (b) a seasonal bmodel. Bottom: time
series for detritus flux for (c) bmodel = 1.388 and (d) a seasonal bmodel.
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Figure S.7: Exported detritus attenuation in a constant and seasonal attenuation scenarios, when detritus is
not transported by the ocean circulation. Top: time series for detritus concentration in the Indian (7.03◦S,
74.53◦E) at different depths TE for (a) a constant bmodel = 1.388 and (b) a seasonal bmodel. Bottom: time series
for detritus flux for (c) bmodel = 1.388 and (d) a seasonal bmodel.
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Figure S.8: Annual mean upper-mesopelagic temperature (in ◦C) with ocean provinces.
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Figure S.9: Example of randomly sampled locations from model data.

Figure S.10: Examples of statistical regression done using a random sample from model data: (a) linear fit; (b)
exponential fit.
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Figure S.11: Results from a TE versus temperature linear regression for 10,000 randomised samples. Top: (a)
R2 for a 10,000 random sample. Bottom: (b) Distribution for αlinear; (c) Distribution for βlinear.
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Figure S.12: Results from a TE versus temperature nonlinear (exponential) regression for 10,000 randomised
samples. Top: (a) R2 for a 10,000 random sample. Bottom: (b) Distribution for αexp; (c) Distribution for βexp.
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Figure S.13: Annual mean TE obtained from a linear regression in Equation (4.1), which follows the procedure
of Henson et al. (2012).
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Figure S.14: Annual mean TE obtained from a nonlinear (exponential) regression in Equation (4.2), which
follows the procedure of Henson et al. (2012).
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