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Abstract. Resolving riverine biogeochemical inputs in ocean biogeochemistry models is pivotal for capturing the spatiotempo-

ral variability of nutrients and carbon in coastal regions and in the global ocean. ECCO-Darwin is a pioneering data-assimilative

global-ocean biogeochemistry model, which, to date, has focused on the pelagic zone. In this work, we use an optimized version

of ECCO-Darwin to perform a sensitivity analysis to quantify the response of the open ocean and coastal margins to lateral in-

puts of carbon and nutrients. We generate riverine inputs by combining point-source freshwater discharge from JRA55-do with5

the Global NEWS 2 watershed model, accounting for lateral inputs from 5171 watersheds worldwide. While adding carbon

and nutrients along with freshwater improves biogeochemical skill in river plume regions and coastal waters, the open-ocean

response may be overestimated due to an excess of carbon and nutrients advected offshore. This highlights the need for a more

nuanced representation of land-to-ocean and nearshore processes for quantifying how global ocean primary production and

carbon cycling respond to land-to-ocean inputs.10

1 Introduction

Rivers transport carbon from land to coastal regions as Dissolved Organic Carbon (DOC), Dissolved Inorganic Carbon (DIC),

Particulate Organic Carbon (POC), and Particulate Inorganic Carbon (PIC), along with nutrients such as phosphorus, nitrogen,

and silica, which are essential for phytoplankton growth. Terrestrial inorganic carbon and nutrients in streams originate from

weathering of the lithosphere and the associated uptake of atmospheric CO2 along with the remineralization of organic matter15

in streams and/or on land (Suchet and Probst, 1995; Battin et al., 2023).
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Riverine carbon (0.7–1 Pg C yr�1; Lacroix et al., 2021b; Resplandy et al., 2018; Gao et al., 2024; Liu et al., 2024) can be

buried in coastal sediments, transported into the open ocean, and outgassed back to the atmosphere in the form of CO2 (Liu

et al., 2024; Regnier et al., 2022; Battin et al., 2023; Gao et al., 2024). This carbon is transferred to the atmosphere due to the

saturation of surface-ocean waters by terrestrial DIC and the remineralization of terrestrial organic matter (Hartmann et al.,20

2009; Lacroix et al., 2020; Bertin et al., 2023) in shallow, well-mixed water columns. On continental shelves, the outgassing

of CO2 driven by the saturation of surface waters with terrestrial DIC or remineralized terrestrial organic carbon can also be

compensated by the excess of alkalinity relative to DIC concentration (Cai, 2011; Louchard et al., 2021). In the absence of

transformation in the coastal ocean, refractory riverine organic carbon can be transported offshore due to its slow turnover

time (Hansell et al., 2004; Holmes et al., 2008; Kaiser et al., 2017). Concerning nutrients, their injection into the surface25

ocean can fertilize the growth of photosynthetic organisms in nutrient-limited regions. The subsequent primary production by

photosynthetic organisms enhances CO2 uptake by carbon fixation. Globally, lateral inputs increase ocean primary productivity

and contribute to an estimated coastal-ocean carbon sink from 0.2 to 0.7 Pg C yr�1, which is roughly 10% to 35% of the global-

ocean sink (Dai et al., 2022; Resplandy et al., 2024).

While monitoring global riverine inputs to the ocean is challenging due to the substantial financial/human effort, often in30

remote environments, land surface and watershed models can provide spatiotemporally-resolved lateral inputs at global scales

(Mayorga et al., 2010; Krinner et al., 2005; Hagemann and Dümenil, 1997; Hagemann and Gates, 2003; Li et al., 2017; Bloom

et al., 2020; Gao et al., 2023). Coupled with Global-ocean Biogeochemical Models (GOBMs), it is thus possible to quantify

the response of the coastal- and open-ocean carbon cycle to lateral inputs (Aumont et al., 2001; Lacroix et al., 2021b; Mathis

et al., 2022; Louchard et al., 2021; da Cunha and Buitenhuis, 2013; Le Fouest et al., 2013; Terhaar et al., 2019; Gao et al., 2023;35

Bertin et al., 2023; Manizza et al., 2019; Séférian et al., 2020). Here, we extend the ECCO-Darwin ocean biogeochemistry state

estimate by implementing global point-source lateral inputs of carbon and nutrients. ECCO-Darwin combines (i) property-

conserving physics and circulation from the Estimating the Circulation and Climate of the Ocean (ECCO) project, (ii) the MIT

Darwin Project’s marine ecology model, (iii) ocean carbon chemistry, and (iv) data assimilation tools developed by ECCO. The

system provides global, data-constrained estimates of circulation, sea ice, ecology, and biogeochemistry, with demonstrated40

skill in reproducing variability in the carbon cycle (Carroll et al., 2020, 2022; Bertin et al., 2023). However, prior studies have

focused mainly on pelagic processes and have not included lateral fluxes of carbon and nutrients.

In this study, we 1) add point-source lateral inputs of carbon and nutrients to ECCO-Darwin globally and 2) evaluate the

model response of air-sea CO2 flux and primary production to riverine biogeochemical inputs during 2000–2019. Imple-

menting biogeochemical river inputs into ECCO-Darwin is a key stepping stone in the development of this data-constrained45

modeling framework. The sensitivity analysis described herein will allow for further integration of the Land-Ocean Aquatic

Continuum (LOAC) in a fully optimized ECCO-Darwin solution; a pivotal pathway for understanding the response of ocean

biogeochemistry to terrestrial perturbations and climate.
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2 Methods

2.1 The ECCO-Darwin Ocean Biogeochemistry State Estimate50

The ECCO-Darwin ocean biogeochemistry state estimate is extensively described in Brix et al. (2015), Manizza et al. (2019),

and Carroll et al. (2020, 2022, 2024). For the ECCO-Darwin model presented in this study, ocean physics (circulation, temper-

ature, salinity, and sea ice) are provided by a prerelease of the ECCO Version 4 release 5 (V4r5) global-ocean and sea-ice data

synthesis. A detailed overview of ECCO V4 is available in Forget et al. (2015) while speci�c details pertaining to V4r5 are

being made available in ECCO et al. (2024). Horizontal discretization is based on a Lat-Lon-Cap-90 (LLC90) con�guration of55

the MIT general circulation model (MITgcm; Marshall et al., 1997a, b). Nominal horizontal grid spacing is 1� but telescopes to

� 33 km meridionally near the Equator and to� 55 km in the Arctic Ocean. The vertical discretization consists of 50 z-levels,

ranging from 10-m thickness in the top 7 levels to 450 m at maximum depth of 6 km. ECCO V4 uses a third-order, direct-

space-time tracer advection scheme in the horizontal and an implicit third-order upwind scheme in the vertical; a time step of

3600 s is used. Vertical mixing is parameterized using the Gaspar–Grégoris–Lefevre (GGL) mixing-layer turbulence closure60

and convective adjustment scheme (Gaspar et al., 1990). ECCO V4 assimilates physical observations via the adjoint method

(Wunsch et al., 2009; Wunsch and Heimbach, 2013). Importantly, ECCO V4 is a property-conserving ocean reanalysis, that

is, contrary to reanalyses that are based on sequential estimation methods, ECCO V4 satis�es model equations exactly for the

complete period of optimization (1992–2020 for V4r5). This characteristic makes ECCO V4 uniquely well-suited for ocean

ecology and biogeochemistry applications.65

Daily river discharge in the present con�guration is based on the Japanese 55-year atmospheric Reanalysis (JRA55) for

driving ocean–sea-ice models (JRA55-do). JRA55-do river discharge is computed based on the Catchment-based Macro-scale

Floodplain (CaMa-Flood) global river routing model and on adjusted runoff from the land component of JRA55 (Suzuki

et al., 2018; Tsujino et al., 2018; Feng et al., 2021). JRA55-do point source freshwater runoff was added to ECCO V4r5 as a

freshwater �ux in the surface ocean (�rst vertical level) at the closest corresponding ECCO V4r5 grid cell along the coastal70

periphery. The freshwater �ux was adjusted according to the difference in grid cell area between JRA55-do (0.25� x 0.25� )

and ECCO V4r5. A complete evaluation of ocean physics from ECCO V4r5 compared to observations can be found in the

Supporting Information and in Feng et al. (2021).

ECCO V4r5 ocean physics were coupled online with the MIT Darwin Project ecosystem model described in Brix et al.

(2015). The ecosystem model solves 39 prognostic variables, including carbon, nitrogen, phosphorus, iron, silica, oxygen, and75

alkalinity. The model simulates their respective cycle from inorganic pools to living/dead matter of plankton organisms and the

subsequent remineralization, all driven by the ocean physics. The carbonate chemistry is solved with the method of Follows

et al. (2006). Plankton species consist of �ve large-to-small functional phytoplankton types (diatoms, other large eukaryotes,

Synechococcus, and low- and high-light adaptedProchlorococcus) and two zooplankton types. In the absence of lateral �uxes,

carbon in ECCO-Darwin is removed from the ocean through a combination of biological, chemical, physical, and air–sea80

exchange processes. Phytoplankton uptake of DIC during photosynthesis reduces upper-ocean carbon and forms organic matter,

some of which sinks out of the mixed layer as export production. Additional CO2 drawdown occurs when surface waters
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Table 1. Sensitivity experiments and associated solutes: terrestrial dissolved organic carbon (tDOC ), dissolved inorganic carbon (tDIC ),

dissolved inorganic nitrogen (tDIN ), dissolved organic nitrogen (tDON ), dissolved silica (tDSi ), dissolved inorganic phosphorus (tDIP ),

dissolved organic phosphorus (tDOP ), dissolved inorganic iron (tDF e ), and dissolved organic iron (tDOF e )

Experiment Name Solutes

Baseline -

DCrun tDOC + tDIC

NUTrun tDON + tDIN + tDOP + tDIP + tDSi + tDF e + tDOF e

ALL run tDOC + tDIC + tDON + tDIN + tDOP + tDIP + tDSi + tDF e + tDOF e

are undersaturated relative to the atmosphere, leading to net air–sea CO2 uptake. Carbonate chemistry processes, such as

precipitation and dissolution, modify alkalinity and buffer the partitioning of carbon species, thereby in�uencing surface-ocean

DIC concentrations. Finally, physical transport through upwelling, mixing, subduction, and advection transports both DIC and85

organic carbon through the water column. Nutrients are supplied by upwelling and vertical mixing, consumed by phytoplankton

growth, regenerated during remineralization, and exported with sinking organic matter — collectively regulating the ef�ciency

of carbon uptake and storage. In the water column, particulate matter (detritus, inorganic carbon, and living phytoplankton and

zooplankton) sinks at prescribed velocities and is removed at the ocean bottom to limit the accumulation of particulates on the

sea�oor.90

Atmospheric CO2 partial pressure at sea level (ApCO2) from the National Oceanic and Atmospheric Administration Ma-

rine Boundary Layer Reference product (Andrews et al., 2014) was used to drive air-sea CO2 �uxes computed by the model

according to Wanninkhof (2014). Atmospheric iron dust is deposited at the ocean surface based on the monthly climatology

of Mahowald et al. (2009). ECCO-Darwin assimilates biogeochemical observations using a Green's Functions optimization

approach (Menemenlis et al., 2005); the optimization methodology and associated data constraints are extensively described95

in Carroll et al. (2020). The ECCO-Darwin solution was previously published using an LLC270 (1/3� ) ECCO solution (Zhang

et al., 2018) and monthly climatological freshwater runoff forcing from Fekete et al. (2002). Here, we introduce a new 1� -

version of ECCO-Darwin with daily point-source freshwater runoff from January 1992 to December 2019 (hereinafter our

“Baseline” simulation) and also conduct a suite of perturbation experiments (Table 1) where we add various riverine bio-

geochemical input components to assess the primary productivity and carbon cycle response. Except for these changes, our100

simulations use the same initial conditions, parameter settings, and forcings as in Carroll et al. (2020). To account for bio-

geochemical spin-up in the perturbation runs, the following analysis was performed for the last 20 years of simulation, from

January 2000 to December 2019 (Supporting Information Figures S2–S9).
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2.2 Model Evaluation105

We compared simulated surface-ocean partial pressure in CO2 (pCO2) and air-sea CO2 �uxes in Baseline with state-of-the-art

products based on the Surface Ocean CO2 Atlas (SOCAT; Bakker et al., 2016; Sabine et al., 2013). We used the monthly

pCO2 and air-sea CO2 �uxes MPI-SOM-FFN v2023 (Landschützer et al., 2016; Jersild et al., 2023) and Copernicus Marine

Environment Monitoring Service (CMEMS; Chau et al., 2022) climatologies computed from neural network-based clustering

algorithms. In addition, we used the monthly atmospheric CO2 inversion Jena Carboscope v2023 (Rödenbeck et al., 2013)110

based on high-precision measurements from the Gridded Fossil Emissions Dataset (GridFED; Jones et al., 2021) and SOCAT

(Bakker et al., 2016; Sabine et al., 2013). These products were interpolated on the LLC90 grid from January 2000 to Decem-

ber 2019. Grid cells covered by sea-ice (concentration> 0%) were discarded from the model-data evaluation, based on the

percentage of sea-ice cover simulated by ECCO-Darwin. Furthermore, we compared data-based products (MPI-SOM-FFN,

Copernicus CMEMS, Jena Carboscope, and mean of all products) with co-located output from the Baseline and ALLrun sim-115

ulations to quantify the change in surface-oceanpCO2 and air-sea CO2 �ux associated with the addition of biogeochemical

inputs.

2.3 Biogeochemical River Discharge Product

In addition to the Baseline simulation, we conducted three sensitivity experiments (Table 1) where we added terrestrial DOC

(tDOC ), DIC (tDIC ), total alkalinity (tALK ), dissolved inorganic nitrogen (tDIN ), dissolved organic nitrogen (tDON ), and120

dissolved silica (tDSi ), dissolved inorganic phosphorus (tDIP ), dissolved organic phosphorus (tDOP ), dissolved inorganic iron

(tDF e ), and dissolved organic iron (tDOF e ) henceforth referred to as riverine inputs in this study. Except for tDIC , tALK , tDF e

and tDOF e , riverine inputs are provided by the Global Nutrient Export from WaterSheds 2 (NEWS 2; Mayorga et al., 2010)

model. The method for computing our daily point-source inputs, which is then used as forcing in ECCO-Darwin along the

coastal periphery of the global ocean, is detailed below.125

Global NEWS 2 uses statistical and mechanistic relations at the watershed scale to compute annual-mean freshwater dis-

charge and riverine inputs based on natural and anthropogenic sources, with 6292 individual watersheds delineated according

to the global river systems dataset from Vörösmarty et al. (2000). Global NEWS 2 tDIN was partitioned into nitrite (NO2� ),

nitrate (NO�
3 ), and ammonium (NH+4 ), according to the mean fraction of each species concentration relative to the total DIN

concentration from the GLObal RIver CHemistry Database (GLORICH; Hartmann et al., 2014). The NO�
2 :DIN, NO�

3 :DIN,130

and NH+
4 :DIN ratios were estimated to be 0.02, 0.65, and 0.33, respectively. Inorganic phosphorus was partitioned into dis-

solved inorganic phosphorus (DIP) and iron-bound (Fe-P) pools using a �xed 1:3 DIP:Fe-P ratio based on pre-industrial export

estimates (Compton et al., 2000). Fe was coupled to P at a1 : 3� 10� 4 molar ratio, but the iron associated with the Fe-P oxide

fraction was treated as non-bioavailable (Lacroix et al., 2020).

tDIC inputs were computed using an empirical relation between freshwater discharge and gross CO2 consumption from135

rock weathering, as described in Li et al. (2017, equation 9). CO2 consumption by rock weathering over each Global NEWS

2 watershed was estimated based on the freshwater discharge and the basin-dominant lithology (Amiotte Suchet et al., 2003).

5



tALK inputs were computed using an ALK:DIC ratio (0.98) based on the mean total ALK compared to DIC from GLORICH.

The remineralization rate for terrestrial and marine DOC equals 1 over 100 days. We used Global NEWS 2 outputs for the

year 2000 as representative of present-day carbon and nutrient inputs (Mayorga et al., 2010). Riverine inputs were compared140

against observations from literature and the Arctic Great Rivers Observatory (ArcticGRO) water-quality monitoring network

in the Arctic region (Holmes et al., 2012; Tank et al., 2023) (Supporting Information Table S1).

Global NEWS 2 river mouth locations were associated with JRA55-do grid points exhibiting the closest annual-mean fresh-

water discharge in 2000 within an euclidean distance of 5� . The top 100 largest rivers (by watershed extent) from Global

NEWS 2 were imposed on JRA55-do grid points as a function of distance only. In total, 5171 river mouths were associated145

with JRA55-do grid points. For each discharge point, riverine input concentrations (g m� 3) from the associated river were esti-

mated by dividing the load by the annual volume of freshwater from Global NEWS 2; the concentration was then multiplied by

the corresponding daily-mean freshwater �ux from JRA55-do (m s� 1) to obtain a daily �ux (g m� 2 s� 1). Riverine inputs were

adjusted according to the grid-cell-area difference between JRA55-do and ECCO V4r5. Then, these biogeochemical inputs

were added as point-source discharge along with riverine freshwater �ux (Table 2 and Supporting Information Figure S1). Due150

to overestimated tDIC inputs in our Global NEWS 2-derived computation for the Amazon River, tDIC inputs for this system

were set to a more realistic, literature-mean of 2.54 Tmol C yr� 1 (da Cunha and Buitenhuis, 2013; Probst et al., 1994; Li

et al., 2017) (for more details, see Appendix A). The outstandingly large Amazon watershed area (used for estimating rock

weathering) and freshwater discharge compared to other basins drive a very high load when using equation 9 from Li et al.

(2017). Riverine tDOC , tDIN , tDON , tDIP , tDOP , and tDSi inputs agree well with non-Global NEWS-based estimates in Table155

2. tDIC lateral inputs from rivers were estimated according to Amiotte Suchet et al. (2003); Mayorga et al. (2010); Li et al.

(2017), resulting in tDIC inputs of 381.81 Tg C yr� 1 to the ocean, which is in general agreement with recent studies in Table

2.
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Table 2.Riverine inputs and literature estimates from non-Global NEWS methods.

Domain Inputs ALL run Literature

Global tDOC (Tg C yr� 1 ) 170.1 262 (Tian et al., 2023)

240 (Li et al., 2017)

300 (Liu et al., 2024)

200 (Chen et al., 2025)

tDIC (Tg C yr� 1 ) 381.8 453 (Tian et al., 2023)

410 (Li et al., 2017)

520 (Liu et al., 2024)

tDIN (Tg N yr� 1 ) 23.3 17 (Sharples et al., 2017)

19.9 (Ma et al., 2025)

tDON (Tg N yr� 1 ) 11.7 12 (Ma et al., 2025)

tDIP (Tg P yr� 1 ) 0.66 2.6 (Turner et al., 2003)

1.2 (Sharples et al., 2017)

tDOP (Tg P yr� 1 ) 0.62 N/A

tDSi (Tg Si yr� 1 ) 139.7 171 (Frings et al., 2016)

194 (Turner et al., 2003)

ARCT tDOC (Tg C yr� 1 ) 22.6 37.7 (Manizza et al., 2011)

34 (Holmes et al., 2012)

tDIC (Tg C yr� 1 ) 56.8 57 (Tank et al., 2012)

tDIN (Tg N yr� 1 ) 1.1 0.3 (Sharples et al., 2017)

0.43 (Holmes et al., 2012)

tDON (Tg N yr� 1 ) 1.4 0.84 (Holmes et al., 2012)

tDIP (Tg P yr� 1 ) 0.01 0.01 (Sharples et al., 2017)

tDOP (Tg P yr� 1 ) 0.07 0.063 (Sharples et al., 2017; Holmes et al., 2012)

tDSi (Tg Si yr� 1 ) 12.6 11.4 (Holmes et al., 2012)

TROP-ATL tDOC (Tg C yr� 1 ) 67.2 46 (Araujo et al., 2014)

tDIC (Tg C yr� 1 ) 78.1 58 (da Cunha and Buitenhuis, 2013)

53 (Araujo et al., 2014)

tDIN (Tg N yr� 1 ) 4.5 1.8 (Sharples et al., 2017)

30.5 (da Cunha and Buitenhuis, 2013)

tDON (Tg N yr� 1 ) 4.2 N/A

tDIP (Tg P yr� 1 ) 0.15 0.18 (Sharples et al., 2017)

0.34 (da Cunha and Buitenhuis, 2013)

tDOP (Tg P yr� 1 ) 0.23 N/A

tDSi (Tg Si yr� 1 ) 44.9 53 (da Cunha and Buitenhuis, 2013)

SE-ASIA tDOC (Tg C yr� 1 ) 36.6 N/A

tDIC (Tg C yr� 1 ) 163.8 N/A

tDIN (Tg N yr� 1 ) 10.6 N/A

tDON (Tg N yr� 1 ) 2.6 N/A

tDIP (Tg P yr� 1 ) 0.22 N/A

tDOP (Tg P yr� 1 ) 0.15 N/A

tDSi (Tg Si yr� 1 ) 41.5 N/A
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2.4 Sensitivity Experiments and Analysis

Sensitivity experiments consisted of adding riverine inputs separately or together, along with freshwater runoff (Table 1). tALK160

was always added along with tDIC in relevant experiments. We analyzed monthly-mean model �elds both in the coastal ocean

(limits set by the furthest point from the coastline, either the 1000-m isobath or a distance of 300 km; 58 x 106 km2) and open

ocean (300 x 106 km2) from 2000–2019. We also evaluated the sensitivity of ocean carbon cycling in three speci�c regions

that receive large volumes of freshwater and biogeochemical inputs from major river systems (Lacroix et al., 2020): the Arctic

Ocean (ARCT, 22 x 106 km2), Tropical Atlantic (TROP-ATL, 77 x 106 km2), and Southeast Asia (SE-ASIA, 62 x 106 km2).165

Coastal and open-ocean boundaries are delineated by the black line shown in Figure 1a.

3 Results

3.1 Model-product Evaluation

Overall, ECCO-Darwin Baseline surface-oceanpCO2 compares reasonably well with the Jena Carboscope, MPI-SOM-FFN,

and Copernicus CMEMS data-based products (Figure 1). The largest differences are concentrated along the coastal periphery170

and near large river mouths (i.e., Amazon, Paraná, Congo, Ganges, Yangtze, Amur), where ECCO-Darwin Baseline underes-

timates surface-oceanpCO2 (Figure 1i). Additionally, the data-based products exhibited lower surface-oceanpCO2 compared

to ECCO-Darwin Baseline (Figure 1i) in the Arctic Ocean and near the periphery of Antarctica; regions where observations

are highly limited in space and time.

Figure 2 shows a comparison of time-mean ECCO-Darwin air-sea CO2 �ux (-2.58 Pg C yr� 1), Jena Carboscope v2023175

(-2.11 Pg C yr� 1), MPI-SOM-FFN v2023 (-2.04 Pg C yr� 1), and Copernicus CMEMS (-1.97 Pg C yr� 1) products during

2000–2019. Compared to the product mean, ECCO-Darwin air-sea CO2 �ux yields a stronger ocean CO2 uptake (+0.5 Pg

C yr� 1, Figure 2i). Overall, the spatial distribution of source/sink patterns in the global ocean was well captured by ECCO-

Darwin Baseline. However, the products displayed stronger CO2 outgassing in the North Paci�c and Atlantic Oceans, the

Arabian Sea, and the Southern Ocean (Figure 2i).180

The addition of riverine biogeochemical runoff in ALLrun increased the surface-oceanpCO2 and air-sea CO2 �ux deviation

from data-based products in the Arctic Ocean, Bay of Bengal, Sea of Japan, and Caribbean Sea (Figure 3a,d). However, the

deviation decreased locally near large river mouths (Amazon, Orinoco, Paraná, Yangtze, Ganges rivers) (Figure 3a,d). While

inputs of dissolved carbon were responsible for the decrease of the deviation in river plumes, it resulted in a large increase

in surface-oceanpCO2 deviation in the Arctic Ocean, especially on the Siberian Shelf (Figure 3b). Dissolved nutrients were185

primarily responsible for an increase in deviation from the data-based products, especially in the vicinity of large rivers (Figure

3c,f); this increase was particularly marked in the Bay of Bengal and Sea of Japan. In the Caribbean Sea, the moderate increase

in deviation in ALLrun resulted from the compensatory effort of dissolved carbon (outgassing) and nutrients (uptake from

enhanced biological productivity) (Figure 3).
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Figure 1. Climatological global-ocean surface-oceanpCO2 for (a) ECCO-Darwin Baseline, (b) Jena Carboscope, (d) MPI-SOM-FFN, (f)

Copernicus CMEMS, and (h) mean of all data products. Panels (c), (e), (g), and (i) correspond to the difference between ECCO-Darwin

Baseline and each data product. All �elds shown are time means from January 2000 to December 2019. In (a), colored boundaries correspond

to domains used for regional analysis of the Arctic Ocean (ARCT, violet line), Tropical Atlantic (TROP-ATL, red line), and Southeast Asia

(SE-ASIA, green line). The black line delineates the coastal ocean from the open ocean, which is set by the furthest point from the coastline

of either a 300-km distance or the 1000-m isobath. MPI-SOM-FFN, Jena Carboscope, and CMEMS Copernicus products were interpolated

on the LLC90 grid.
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