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Abstract 20 

Data of seawater stable isotopologs of water in the quality-controlled database from the 21 

isotopic platform facility at LOCEAN (hereafter “CISE-LOCEAN”) provide an 22 

unprecedented sampling of the surface Atlantic Ocean and the southwest Indian Ocean. This 23 

investigation of 18O, 2H and deuterium excess (d-excess) in surface sea water for 20 24 

subregions indicates a large variability of the regional regression lines with salinity as a 25 

function of latitude for 18O and 2H, . with weakest slopesSlopes are weakest near the 26 

equator and increase towards higher latitudes, but also to a lesser extent with weaker 27 

slopes in the western Atlantic compared with the eastern Atlantic at low and mid-28 

latitudesin the tropics and subtropics. These regressions often explain a large share of 29 

the variability in the data (40 to 70%), except for d-excess at the higher latitudes and 30 

18O, 2H near the equator. The data are sufficient to extract a rather small seasonal 31 

variability in these relationships and an average seasonal cycle in some regions of the 32 

North Atlantic subpolar gyre with signals probably related to changes in the input of 33 

heavier sea ice melt and depleted water of Arctic origin. A significant correlation 34 

between observed seasonal cycles in 18O, 2H, and d-excess and that of salinity is 35 

foundA seasonal cycle in 18O, 2H and d-excess correlated to the one in salinity is also 36 

found in the central equatorial Atlantic. These seasonal cycles change with the strong 37 

contrast between the vicinity of the equator and the region to its north. It is, which is 38 

associated with the seasonal shift of the Inter-tropical Convergence Zone and with the 39 

seasonality of the equatorial upwelling. Elsewhere, the seasonal signal usually does not 40 

emerge from the noise. An independent over 7-years long time series of nearly monthly 41 

surface sampling at the BATS site near Bermuda (31°50’N, 64°10’W) also indicates a 42 

rather well-defined seasonal cycle of surface salinity, 18O, 2H and d-excess. Its 43 

interannual variability in 18O does not appear closely related to the one in salinity.  44 
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 45 

1. Introduction 46 

Seawater isotopic composition (18O/16O and 2H/1H ratios expressed as 18O and 2H in 47 

‰ (per mille) in the VSMOW/SLAP scale) is classified as an Essential Ocean/Climate 48 

Variable (EOV/ECV) in international programs such as GEOTRACES and GO-SHIP, 49 

respectively aiming to improve the understanding of biogeochemical cycles, and to 50 

develop a globally coordinated network of sustained hydrographic sections as part of 51 

the global ocean/climate observing system. Except for fractionation during phase 52 

changes, thus mostly at the sea surface, and meteoric inputs from the atmosphere and 53 

the land masses, the water isotopic composition is nearly conservative in the ocean, with 54 

chemical and biological processes having minimal effect.  55 

Thus, stableStable seawater isotopes are used, in addition to salinity, to trace sources of 56 

freshwater (precipitation, evaporation, runoff, melting glaciers, sea ice formation and 57 

melting), as well as to characterize water masses, both at the ocean surface and in the 58 

ocean interior (Schmidt et al., 2007; Hilaire-Marcel et al., 2021). More regionally, in 59 

addition to salinity, they are used to characterize water masses and their mixing 60 

pathway into the ocean (Frew et al., 2000; Voelker et al, 2015). At the sea surface, 61 

isotopic properties of the evaporation (Benetti et al., 2014) and of regional precipitation 62 

can be used to better characterize air-sea freshwater fluxes from the surface distribution 63 

of water isotopes (Benetti et al., 2017a; Benway and Mix, 2004; Conroy et al., 2014). 64 

 65 

There has been considerable interest in monitoring the water isotopes of sea water both 66 

at high and low latitudes. In the high latitude oceans, continental (or icebergs) glacial 67 

melt, the formation or melt of sea ice, freshwater inputs from high-latitude rivers, and 68 

continental ice melt from marine terminating glaciers and icebergs and high-latitude 69 

river inputs (for the Arctic) leave strong imprints on the surface ocean isotopic 70 

composition, and for the Southern Ocean in the top 800 m water column close to ice 71 

shelves (Aoki et al., 2023; Hennig et al., 2024). These processes, as well as changes in 72 

ocean circulation vary on seasonal time scales, as well as on longer time scales up to 73 

interdecadal, which can influence the relationship between salinity and the water 74 
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isotopes. At low latitudes, the surface water masses get their isotopic characteristics 75 

from ocean circulation, with in particular upwelling of water originating from 76 

subtropical evaporation-dominated regions, as well as from local evaporation, rainfall 77 

(Benway and Mix, 2004), and from the freshwater inflow of large tropical rivers, such as 78 

the Amazon River in the Atlantic Ocean (Benetti et al., 2017a). The more-investigated 79 

low latitude Pacific Ocean also presents a large variability in these processes which 80 

shape the relationship beween salinity and water isotopes, in particular on seasonal and 81 

interannual (i.e. ENSOsuch as El Niño-Southern Oscillation (ENSO)) to decadal modes of 82 

variability in the southwest equatorial Pacific (e.g. Horikawa et al.,  (2023) for the 83 

southwest equatorial Pacific, the central equatorial Pacific (Conroy et al.,  (2017) for the 84 

central equatorial  Pacific or , and the South Pacific Convergence Zone (Dassié et al.,  85 

(2018) for the South Pacific Convergence Zone). Even rainfall properties isotopic values 86 

might change interannually, depending on the origin of the rain water, such as 87 

illustrated in the central-western Pacific in Conroy et al (201104) or in the eastern 88 

Pacific north of the equator in Benway and Mix (2004).   89 

To some extent, theseThese isotopic signatures in ocean water are archived in past 90 

climate records, for example, for in the 18O in of carbonates from warm water corals, 91 

giant clams or planktonic foraminifera (Mulitza et al., 2003; Abram et al., 2020; Dissard 92 

et al., 2021; Dong et al., 2025), or forin the 2H ofin lipids (Schefuss et al., 2005; 93 

Schouten et al., 2006; Leduc et al., 2013). They are acquired from the seawater isotopic 94 

properties at the time when these organisms grow, following temperature-dependent 95 

fractionation laws. Measurements of seawater isotopes in the upper ocean is strongly 96 

recommended, often at the seasonal resolution, to understand these archives, as well as 97 

to gain a better understanding on how temperature and water isotopic properties 98 

influence the archived records, such as investigated in the recent past by Thompson et al 99 

(2022). These archives together with model studies have the potential to help 100 

reconstruct changes in the past hydrological cycle (Konecky et al., 2023). Thus, 101 

dedicated efforts should ideally combine collection of living (or recent) organisms 102 

nearly simultaneous to the seawater samples, surface salinity and sea surface 103 

temperature, which has been done for example at low latitudes within the frame work of 104 

paleoclimatic research programs (e.g., PAGES CoralHydro2k working group; Konecky et 105 

al., 2020, Atwood et al., 2025, 2026, or locally by O’Connor et al., 2021) or to calibrate 106 
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planktonic foraminifera 18O signals (e.g., Wilke et al., 2009; Rebotim et al., 2019; 107 

Salgueiro et al., 2020).  108 

Except where sea ice forms or melts, Evaporation causes both an increase in the heavier 109 

isotopes and the concentration of salt in seawater, whereas freshwater inputs which 110 

lower salinity tend to be depleted in the heavier isotopes. Thus, putting aside the impact 111 

of ice formation and melt at high latitudes,  one expects quasi-linear relationships 112 

between ocean surface salinity S (practical salinity with no unit, which scale we will 113 

refer to as pss) and water isotope properties (18O, 2H, but also the derived d-excess 114 

defined as 2H – 8*18O, together later referred to as Wisotopes) (Craig and Gordon, 115 

1965)because of the tendency for precipitation to be depleted in the heavier isotopes 116 

compared to seawater and evaporation to cause an increase in the heavier isotopes., 117 

there tends to be regionally quasi-linear relationships between ocean surface salinity S 118 

(practical salinity with no unit) and water isotope properties (18O, 2H, but also the 119 

derived d-excess defined as 2H – 8*18O, together later referred to as Wisotopes) (Craig 120 

and Gordon, 1965). ) Regional relationships between 18O and S are thushave been used 121 

by Legrande et al. (2006) to produce an average climatology of water isotopes in the 122 

surface ocean, as well as through the water column. This is climatology has then been 123 

used to benchmark isotope-enabled models (e.g., Delaygue et al., 2000; Roche and Caley, 124 

2013).  125 

Regional relationships between water isotope properties and salinity are further used in 126 

Reverdin et al (2025) to identify systematic biases between different data sets collected 127 

in the same years, but not necessarily in the same season. That study, as well as Glaubke 128 

et al. (2024) also show how the relationships between salinity and 18O, 2H, or d-excess 129 

spatially vary across the southern subtropical Indian Ocean, an indication of the need to 130 

refine the concept to smaller regions. Similar spatial variability was also suggested 131 

across the North Atlantic subtropics in Benetti et al (2017a). 132 

At high latitudes, Wisotopes sampling primarily occurs during the summer, while at low 133 

latitudes, sampling is more spread out throughout the year, but remains quite scarce. As 134 

a result, there are relatively few low latitude regions with enough data to accurately 135 

estimate seasonal variability (Atwood et al, 2026), which reduces the capability of 136 

current datasets to benchmark models or calibrate archived climate records.  Potential 137 
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remaining biases in data and possible interannual/decadal variability can also result in 138 

apparent variability in the relationships between Wisotopes and salinity. Thus, it can be 139 

difficult to interpret differences in the relationships between Wisotopes and salinity in 140 

relatively nearby regions which may not have been sampled in the same season, such as 141 

the western and eastern North Atlantic subtropics in Benetti et al. (2017a). 142 

Fortunately, there have been some concerted attempts to resolve surface Wisotopes 143 

seasonal variability, away from coastal areas. This has been the case, for example, in the 144 

surface North Atlantic subpolar gyre (NASPG) between Iceland and North America 145 

(Reverdin et al., 2018), in particular between 2010 and 2018, and since 2018 between 146 

southeastern Greenland and the North Sea. An early subset of these NASPG data was 147 

used in Benetti et al. (2014) to identify seasonal variability of the relationship between 148 

Wisotopes and salinity. These authors found seasonal changes on the Labrador and 149 

Newfoundland shelves and close to them in the western NASPG that were attributed to 150 

the cycle of sea ice formation in winter and sea ice melt in spring, usually upstream of 151 

the site of data collection. In the North Atlantic subtropics , a concerted effort was also 152 

undertaken at the Bermuda Atlantic Time-series Study (BATS) site (31°50'N 64°10'W) 153 

to regularly sample surface-water isotopes were also regularly sampled since 2011.  154 

In this the present study, we aim at investigatinginvestigate the seasonal cycle in surface 155 

Wisotopes, and their relation to salinity, across a large part of the Atlantic Ocean and in 156 

the south-west Indian Ocean, based on water samples mostly measured in the LOCEAN 157 

stable isotope laboratory. 158 

2. Data and Methods 159 

2.1 Data 160 

We primarily use the CISE-LOCEAN database (Reverdin et al., 2022), which originates 161 

from samples exclusively analyzed in the isotopic laboratory of LOCEAN (Sorbonne 162 

Universités, Paris) since 1999 or in rarer instances by LOCEAN personnel elsewhere. 163 

Associated salinity data usually originate from calibrated CTD casts or from discrete 164 

samples measured on a salinometer. 165 

Stable seawater isotope data have been produced in the last fifty years by a variety of 166 

methods. For example, most data compiled in the “GISS Global Seawater Oxygen-18 167 

Mis en forme : Police :Non Italique, Anglais
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Database -V1.21” for stable seawater isotopes (LeGrande and Schmidt, 2006) originate 168 

from Isotope-ratio Mass Spectrometry (IRMS). They were mostly measured by dual-inlet 169 

technology (highest precision), whereas, since 2000, the continuous-flow method (lower 170 

precision) also became widespread for seawater isotope analysis. Since 2010, laser 171 

spectroscopy, in particular cavity ring-down spectroscopy (CRDS), turned into another 172 

commonly used method as it allows parallel measurement of 18O and 2H, but with 173 

often lower precision, at least early on (e.g., Voelker et al., 2015). As CRDS (and other 174 

laser techniques) have been commonly used for seawater isotope analysis since 2010, 175 

they contribute a significant part of the data produced globally (see for example, the 176 

CoralHydro2k seawater data base with a focus on the tropics (35°N-35°S) (Atwood et al., 177 

2026)). 178 

The CISE-LOCEAN dataset merges data measured since roughly 1998 by IRMS switching 179 

to CRDS-based instrumentation since 2011. However, there are potential differences 180 

between the data produced by the two methods, discussed in Reverdin et al. (2022) in 181 

the context of the CISE-LOCEAN database. In this database, among the CRDS 182 

measurements, part of the samples collected in 2010-2015 were first distilled, whereas 183 

more recent samples are directly introduced in the vaporizer associated with a Picarro 184 

CRDS (usually, L2130 model), through a salt-liner. Each sample was injected at least 6 185 

times, and up to 10 times, and we dismiss most of the early injections when averaging 186 

them. For CRDS measurements, there are also issues of memory effects due to the 187 

propensity of water molecules to stick to the surfaces, and more so for 1H2H16O than for 188 

the other isotopologs of the water molecule (cf fig. 4 of Steen-Larsen and Zannoni, 189 

2024). In this version of the database, these memory effects have been roughly 190 

corrected based on regularly inserting a reference material (every three samples) with 191 

isotopic composition close to those of the seawater samples, as well as by running 192 

duplicates of all samples at the beginning and end of each daily run, as well as of samples 193 

with large standard deviations between the different injections averaged. 194 

Furthermore, an attempt was made to adjust the data from these three measurement 195 

methods (IRMS, CRDS with or without distillation), based on the analysis of Benetti et al 196 

(2017b). Uncertainties are largest in the earlier IRMS measurements, because of 197 

uncertainties on the reference material used at the time. As described in Reverdin et al 198 

(2022), this was partially corrected based on deep water samples measured at the time, 199 
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for which we expect little variability over the last 30 years. However, there remains 200 

subsets of 18O data produced by IRMS which could not be fully assessed. This is for 201 

example the case for surface samples collected in the equatorial Atlantic in August-202 

September 1998 and 1999. Compared with more recent data, they present a negative 203 

18O offset on the order of -0.15‰. This is probably largely related to a calibration issue, 204 

but potentially also to interannual variability or trends. Nonetheless, the slope of the 205 

regression of 18O with respect to salinity of these 1998-1999 data is consistent with the 206 

slope for the more recent data, thus suggesting similar processes involved in the spatial 207 

property distribution in this earlier period. As there are no measurements in other 208 

seasons for these years and region, we have excluded those 1998-1999 data when 209 

analyzing the summer season in the equatorial Atlantic.  210 

In the CISE-LOCEAN database, there is also an attempt to identify and flag potential 211 

issues of evaporation of the samples, happening mostly because of long storage in 212 

bottles which exchanged with the outside air, or defective bottles or caps (Reverdin et 213 

al., 2022). Although these issues are less common in the last 10 years of collected data, 214 

anomalies still sometimes happen, in particular with samples extracted from water 215 

bottles for salinity measurements collected on Voluntary Observing Ships (VOS)) (Alory 216 

et al, 2015). 217 

The validation steps, as well as the large percentage of surface data points mostly in the 218 

open ocean in the CISE-LOCEAN database (close to 9000 validated 18O near-surface 219 

data associated with a valid salinity since 1998) represent significant differences with 220 

respect to other published data compilations such as the “GISS Global Seawater Oxygen-221 

18 Database -V1.21” for seawater stable isotopes which does not include the CISE-222 

LOCEAN data (LeGrande and Schmidt, 2006; referred to as GISS-V1.21), or the 223 

CoralHydro2k seawater database, which includes an earlier version of the CISE-LOCEAN 224 

data (Atwood et al., 2026). GISS-V1.21 is a compilation of different individual data sets 225 

covering several decades originating mostly from ocean cruises (covering several 226 

decades) and measured by IRMS, for which there was an attempt to correct systematic 227 

biases between data subsets, butbut that includes fewer surface data points. The 228 

CoralHydro2k data base does not offer systematic correction of potential biases between 229 

different datasets, but it contains significant metadata that could be used for further 230 

evaluation.  231 
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Furthermore, the large proportion of surface data produced by CRDS in the LOCEAN 232 

database (close to 80% of the surface data) offers the opportunity to investigate 2H and 233 

d-excess, in addition to 18O, these two other variables been being much less frequent in 234 

the GISS-V1-21 archive. 235 

Originally, the samples in the CISE-LOCEAN database were mostly collected during 236 

research cruises, often repeated in different years for the same season, as well as on 237 

board ships of opportunity with collection by a LOCEAN-recruited ship rider (Benetti et 238 

a., 2017a), quite commonly in the North Atlantic subpolar gyre (Reverdin et al., 2018). 239 

More recently (mostly since 2018), the database also incorporates samples collected on 240 

vessels of opportunity (VOS) by a mariner or a sailor, and thatwhich often involves a 241 

later transfer from a salinity bottle to a dedicated vial. Although these VOS data tend to 242 

present less consistency, we retain them in the database, because they are the only 243 

source of data in most tropical-subtropical areas and in some seasons. The resulting 244 

data distribution is quite skewed towards better sampling in the northern to equatorial 245 

Atlantic Ocean and nearby seas, the south-western Indian Ocean and between Tasmania 246 

and Antarctica (Fig. 1). Even in most of these regions, except in the NASPG, there are 247 

usually seasons with very limited or no sampling: for example, during boreal summer in 248 

the equatorial Atlantic, austral fall in the southwestern Indian Ocean, and late boreal fall 249 

to early spring south of Tasmania (App. A). For this last reasonBecause of insufficient 250 

data availability during a large part of the year, we will not present results for the region 251 

south of Tasmania, as well as other world regions, which are less-well sampled in the 252 

CISE-LOCEAN database. Although IRMS surface data of 18O data are less common, they 253 

still contribute significantly to the sampling in some regions and seasons (e.g. equatorial 254 

Atlantic in boreal summer, southwestern Indian Ocean in boreal winter; see App. A).  255 

  256 
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 257 

Figure 1: Maps of Wisotopes data distribution with the contours of the different regional 258 

boxes outlined with their reference number. The  (the color of the outlines corresponds 259 

to region A (boxes 1-3, yellow), region B (red), and region C (green) (black boxes are not 260 

included in those regions). Left panel for IRMS measurements, and right one for CRDS 261 

measurements. The black dot in the western subtropical Atlantic in the right panel 262 

marks the BATS station site. A large number of plotted data points are associated with 263 

more than one data point, for example when they correspond to repeated cruises, often 264 

happening at the same time of year (cf seasonal maps of data density in App. A). 265 

We Independently of the CISE-LOCEAN database, we also independently considered 266 

surface samples collected mostly monthly close to the BATS hydrographic site (31°50’N, 267 

64°10’W) in from 2015 to-2022. These samples stored were conditioned in plastic 268 

bottles, were frozen and stored at the University of Bergen (Norway) before beingen 269 

analyzed in 2023. They were again unfrozen in November 2025 to be transported to 270 

LOCEAN where they were analyzed a second time between December 5th 2025 and 271 

January 11 th 2026, although  on a CRDS unit which experienced a set of technical 272 

problems reducing the accuracy. There are also indications that some of the samples had 273 

evaporated (five samples in the Bergen analyses, and 19 samples in the LOCEAN 274 

analyses). This is due to these plastic bottles not been being completely proofed against 275 

air exchange when closed and not frozen. 276 

 277 

2.2 Methods 278 
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We aim at a finer scale analysis of Wisotopes than in Legrande and Schmidt (2006) 279 

where most of the surface North Atlantic is included in one single region, when 280 

considering their relationship to salinity. Indeed, this should be viewed as a continuation 281 

of Benetti et al (2017)’s regional analysis, as well as water mass analyses such as in Frew 282 

et al. (2000) and Voelker et al. (2015), but with strict focus onto the surface (top 10 m). 283 

We consider boxes bound in latitudes and longitudes (Figure 1), in which only samples 284 

with a salinity within specified ranges (later reported in Table 1) are retained to avoid 285 

the freshest waters directly influenced by strong local freshwater inputs (rivers, heavy 286 

rain events, large sea ice melt) which can lead to very skewed salinity distributions 287 

(Bingham et al., 2002), and possibly different relations between salinity and Wisotopes. 288 

The regional boxes correspond to identifiable oceanographic domains with respect to 289 

ocean circulation as well as for to specific regimes of the water air-sea exchange (by 290 

Evaporation (E) and Precipitation (P)) and its seasonal cycle or ofor to other freshwater 291 

sources. In practice, the boxes have usually tomust in general be relatively large in order 292 

to retain data throughout the seasonal cycle. Despite that, except in the NASPG boxes 1 293 

to 3, there is often at least one season much less sampled than the others.  294 

In each region, horizontal and vertical mixing between different water masses and their 295 

advective paths, as well as freshwater inputs and evaporation result in a spread of 296 

surface salinity, as well as in Wisotopes. Sometimes the different water masses are not 297 

isotopically distinguishable in a [Wisotopes, salinity] diagram. For example, in the 298 

equatorial Atlantic and the eastern subtropical gyre of the Atlantic Ocean, Benetti et al. 299 

(2017b) for the equatorial Atlantic and the eastern subtropical gyre of the Atlantic 300 

Ocean could not distinguish the signatures of upwelled waters from the ones of the 301 

surface water masses advected from higher eastern subtropical latitudes. 302 

To resolve the seasonal cycle of Wisotopes, it is useful to establish regional monthly 303 

relationships between Wisotopes and S. In principle, the better-defined monthly fields  304 

of salinity could then be used to reconstruct domain-averagedspatial fields of Wisotopes, 305 

as was done in LeGrande and Schmidt (2006) with large- scale annual linear 306 

relationships. However, to partially circumvent the issue of insufficient isotopic 307 

sampling, the compromise adopted here is to group in each box the data into four 308 

quarters (months 1-3, 4-6, 7-9, 10-12), which, as will be discussed presented in the 309 
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results section, sometimes produces too uncertain seasonal linear regressions. Thus, to 310 

investigate whether systematic seasonal differences in these linear relationships can be 311 

identifiedTo reduce this uncertainty, we also attempted to averagewe also averaged the 312 

seasonal relationships of nearby boxes in larger regions (regions A, B, C on Figure 1).  313 

, in which case one resorts to estimate an annual relationship by averaging the linear 314 

relationships obtained for each of the seasons. The caveat of this approach is that the 315 

resulting uncertainty on the average is strongly influenced by the less well sampled, 316 

more uncertain season. To reduce this uncertainty, we also attempted to average the 317 

seasonal relationships of nearby boxes in larger regions (regions A, B, C on Figure 1).  318 

The data did not warrant going furtherwere not numerous enough to investigate 319 

possible non- than linearity in the relationships, especially within the restricted salinity 320 

range retained. These are obtained by linear regression of Wisotopes as a function of S 321 

are obtained with least square means in the [S, Wisotopes] space, thus minimizing non-322 

explained residual variance in Wisotopes. To reduce the influence of less common data 323 

at the lowest or highest salinity tails of the distributiony as well as outliers, we also 324 

estimate a slope and 0-intercept (value of the regression line at S=0) by directly fitting 325 

the averages of two classes of data, one for the data below and one for the data above 326 

the seasonal salinity average.  327 

The comparison of the two approaches indicates that the unbiased, but slightly noisier 328 

second approach often leads to a significantly larger slope. In the four North Atlantic 329 

subpolar gyre boxes (1, 2, 3, 4), this excess slope averagesd ~4%, 6%, 10% of the mean 330 

slopes for 18O, 2H and d-excess, respectively, whereas these increases tend to be 331 

smaller in the eastern mid-latitudes and northern tropics. The differences are usually 332 

largest for d-excess, and always are within the uncertainty estimates of the slopes in 333 

individual regions. Thus, forFor simplicity, we will only report the second (unbiased) 334 

estimate in the results section. 335 

We then average the seasonal linear relationships between Wisotopes and S to obtain 336 

annual-averaged linear relationships. The advantage of this approach is that the 337 

different seasons are given similar weight, avoiding thus an impact of seasonal sampling 338 

bias when estimating the annual-averaged relationships. The caveat is that the resulting 339 
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uncertainty on the average can be strongly influenced by less well sampled, more 340 

uncertain seasons. 341 

In each regionbox, the isotopic data were also averaged by month to estimate a seasonal 342 

cycle, with unresolved spatial or interannual variability in the sampling contributing to 343 

the standard deviation between data points. The climatological monthly salinity fields 344 

present spatial gradients in each region, which likely also imprint on the Wisotopes 345 

fields, assuming a quasi-linear relationship with respect to salinity. This, based onWith a 346 

limited and spatially inhomogeneous discrete sampling , this contributes to a 347 

representativeness error on the monthly mean of the discrete samples. This error can be 348 

large, as can be guessed from the seasonal sampling distribution plotted in App. A, with 349 

monthly sampling ranging from less than 4 samples (in more than half the month-boxes 350 

averages) to over 100. We test estimate this the effect of limited spatial sampling in App. 351 

B using two climatological products for years rather close toincluding a good part the 352 

core of the isotopic data (described in Reverdin et al., 2007 and Boutin et al., 2021), with 353 

similar conclusions. We also estimated a spatial representativeness error on Wisotopes, 354 

using the estimated linear regression of Wisotopes to the salinity representativeness 355 

error..  356 

As discussed in App. B, in most regions boxes and for a large part of the seasonal cycle, 357 

the spatial standard deviation of climatological monthly salinity contributes to a rather 358 

large representativeness error which often exceeds 0.1 on salinity with the sampling 359 

ofwithin the CISE-LOCEAN dataset. For example, in the central equatorial Atlantic (box 360 

15 on Fig. 1), sampling in specific months (in particular March) (see App. A) is from 361 

repeated cruises along dedicated tracks resulting in a strong deviation of the average 362 

salinity of the discrete data points from the domain-average salinity. The month-to-363 

month changes in sampling thus strongly contributes to the estimated box-averaged 364 

salinity seasonal cycle. The expectation is that this would also be the case to some extent 365 

for the Wisotopes. We will illustrate for two boxes (14 and 15) attempts to correct this, 366 

which was tried by using the seasonal or annual-averagedestablished linear 367 

relationships of Wisotopes to salinity to adjust for this effect. The notable exception, 368 

where undersampling is less an issuethe spatial representativeness error is not a major 369 

issue, is in the three more regularly sampled boxes of the North Atlantic subpolar gyre 370 

(1, 2, 3 on Fig. 1), where the seasonal cycle is, however, relatively weak. 371 
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 372 

3. Results 373 

3.1 Annual-averaged linear regressions 374 

For more than half of the boxes, the uncertainties on the individual seasonal slopes (and 375 

0-intersects estimated by the extrapolation of the regression line to S=0) are larger than 376 

the differences between these seasonal values. Portraying the spatial variability in the 377 

slopes and 0-intersects of the individual boxes is thus not feasible at the seasonal time 378 

scale. Thus, we will only illustrate this spatial variability for the annual-averaged 379 

regressions in each box. In order not to bias the average becaue of uneven sampling 380 

across seasons, we retain all seasonal estimates that are based on at least 4 data points 381 

originating from at least 3 separate years. On the other hand, we still retain seasons with 382 

very small sampling which can induce large standard errors on the annual-averaged 383 

coefficients (such as in regional boxes 5, 8, 9, 17, cf App. A).  In boxes 19 and 20 (SW 384 

Indian Ocean), these annual averages are obtained by averaging only three (18O) or two 385 

(2H and d-excess) seasons, respectively, as the other seasons have no data.  386 

 387 

Figure 2:  Annual averages of the slopes (‰/pss) and 0-intercepts (‰) of Wisotopes as 388 

a function of S in the different domains. Left for 18O, middle for 2H, and right for d-389 
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excess (cf table 1 for standard errors on these averages, estimated from the dispersion 390 

between the different seasonal averages).  391 

Table 1: Annual averages of the slopes (‰/pss) and 0-intercepts (‰) of Wisotopes as a 392 

function of S in the different boxes. Left for 18O, middle for 2H, and right for d-excess. 393 

These averages (and their standard error in parentheses) are obtained by arithmetically 394 

averaging the linear regression coefficients obtained for the seasons with data. The 395 

minimum salinity threshold as well as the total number of 18O data points are also 396 

reported. 397 

Domain center Smin n 18O    2H   d-excess 398 
    Slope  0-intercept slope 0-intercept slope 0-intercept 399 
1 45°W/52°N 34 232 0.555 (0.013) -19.13 (0.46) 4.26(0.16) -147.6 (5.5) -0.27 (0.03) 8.5 (1.1) 400 
2 32°W/58°N 34 658 0.479 (0.024) -16.46 (0.86) 3.44 (0.13) -119.0 (5.0) -0.48 (0.14) 15.7 (4.8) 401 
3 12°W/62°N 34 202 0.407 (0.051)  -13.9 (1.8) 2.87 (0.43) -98.9 (15.3) -0.37 (0.05) 11.9 (1.9) 402 
4 32°W/47°N 34.5 50 0.531 (0.044) -18.25 (1.6) 4.15 (0.24) -143.9 (8.6) -0.15 (0.14) 4.2 (4.8) 403 
5 15°W/55°N 34.5 119 0.369 (0.050) -12.6 (1.7) 3.40 (0.49) -117.5 (17.1) -0.14 (0.10) 3.6 (3.5) 404 
6 15°W/47°N 35 159 0.399 (0.027)  -13.56 (1.0) 2.74 (0.24) -93.4 (8.7)  -0.59 (0.07) 19.9 (2.5) 405 
7 45°W/32°N 36 120 0.199 (0.010)  -6.1 (0.9) 1.17 (0.23) -35.2 (8.6) -0.41 (0.05) 13.3 (1.7) 406 
8 45°W/22°N 36 53 0.256 (0.027) -8.3 (1.0) 1.75 (0.32) -57.4 (12.3) -0.13 (025) 2.9 (9.8) 407 
9 67°W/30°N 36 30 0.260 (0.031) -8.3 (1.2) 1.76 (0.16) -56.0 (6.6) -0.29 (0.18) 9.0 (6.6) 408 
10 20°W/37°N 35.5 159 0.399 (0.019) -13.6 (0.7) 2.54 (0.12) -86.1 (4.4) -0.69 (0.18) 23.6 (6.8) 409 
11 20°W/30°N 36 125 0.303 (0.028) -10.1 (1.0) 1.98 (0.25) -65.9 (9.2) -0.41 (0.11) 11.3 (3.3) 410 
12 27°W/21°N 36 98 0.318 (0.041) -10.62 (1.5) 2.19 (0.33) -73.8 (12.0) -0.34 (0.05) 10.5 (2.2) 411 
13 32°W/14°N 35 129 0.265 (0.046) -8.6 (1.6) 1.84 (0.41) -60.3 (14.7) -0.28 (0.07) 8.5 (2.4) 412 
14 26°W/8°N 34 93 0.197 (0.055) -6.1 (2.0) 0.82 (0.35) -23.2 (12.5) -0.78 (0.22) 26.6 (7.8) 413 
15 22°W/0°N 34 317 0.071 (0.006) -1.6 (0.3) 0.39 (007) -7.7 (2.7) -0.36 (0.05) 11.4 (1.8) 414 
16 4°W/0°N 34 168 0.054 (0.025) -1.03 (0.8) 0.08 (0.11) -0.5 (0.9) -0.43 (0.12) 14.2 (4.4) 415 
17 7°W/13°S 35.5 172 0.161 (0.045) -4.9 (1.6) 0.65 (0.05) -17.2 (1.8) -0.60 (0.06) 20.3 (2.5) 416 
18 35°W/13°S 36 87 0.228 (0.020) -7.2 (0.7) 1.24 (0.27) -38.3 (9.8) -0.51 (0.05) 17.0 (1.9) 417 
19 60°E/25°S 34.5 130 0.486 (0.08) -16.56 (2.9) 2.43 (0.29) -81.8 (8.7) -0.06 (0.12) 0.8 (4.6) 418 
20 60°E/37°S 35 350 0.440 (0.033) -14.9 (1.2) 1.94 (1.20) -64.5 (42.6) -0.49 (0.21) 16.2 (7.4) 419 
 420 

The average slopes of 18O and  2H as a function of S (Fig.2, Table 1) are largest in the 421 

northern and western NASPG (boxes 1 and 2 in Table 1), as well as in the South Indian 422 

Ocean (boxes 19 and 20), whereas they are smallest near the equator. Slopes are usually 423 

also a little smaller in the western subtropical North Atlantic than in the eastern part. 424 

The 0-intercepts patterns mirror the patterns of the slope (with the opposite 425 

dependency: most negative in northern NASPG and south Indian Ocean).  426 

For d-excess, the pattern is less clear with larger relative errors, in particular for some of 427 

the most extreme values (Table 1). Negative slopes are however larger in the tropical 428 

Atlantic boxes off the equator (14, 17, 18) compared with the equatorial boxes (15 and 429 
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16) and are smaller just south of the NASPG (boxes 4 and 5), as well as in box 19 in the 430 

subtropical South Indian Ocean near 25°S.  The d-excess 0-intercepts present a similar 431 

pattern to the one in the slope, with large positive 0-intercepts for large negative slope 432 

values. The overall anti-correlation of slope and 0-intercept may arise from noise in the 433 

dataset, as S=0 is very far from the range of salinity in which data were retained, and 434 

thus an extrapolation based on a noisy slope estimate would induce an anti-correlated 435 

noise in 0-intercepts.  436 

 437 

3.21 Seasonal linear regressions in well-sampled regional boxes (NASPG) 438 

In the particularly well-sampled box 2 (Irminger Sea and nearby areas), the residuals of 439 

individual data points with respect to the seasonal linear regression have a standard 440 

deviation of 0.0486, 0.35 and 0.21 ‰ for 18O, 2H and d-excess, respectively (averaged 441 

over the four seasons). In this box 2, which does not present a large spatial or temporal 442 

variability in salinity, a significant share of the variance of the individual data in a given 443 

season is explained by the mean linear regression to S for 18O, 2H (Pearson correlation 444 

coefficient r averaged over the four seasons of 0.69 and 0.67, averaged over the four 445 

seasons, corresponding to correlations which are always significantly different from 0 at 446 

p=0.01), but not so for d-excess (R2 of 0.11r = 0.35). Similar significance levels are found 447 

in the nearby boxes 1 and 3 in the NASPG, with caveats of slightly larger uncertainties 448 

due to somewhat weaker sampling in some season. This encourages us to check whether 449 
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there are seasonal differences in the regressions. 450 

 451 

 452 

Figure 23: Seasonal linear fits of Wisotopes (‰) versus S (from top to bottom for 18O, 453 

2H and d-excess) for two boxes (1 and 2 on Fig. 1) which are part of region grouping A 454 

in the north-western and central North Atlantic subpolar gyre. Data have only been 455 

retained for S within 34 to 35.5 and the linear fit is provided within the seasonal S range 456 

observed. The dots correspond to the averages, with their standard error always within 457 
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the plotted dots for these two well sampled regions (for box 1, the seasonal data number 458 

varies between 26 (months 4-6) and 77 (months 1-3); whereas in box 2, it varies 459 

between 102 (months 1-3) and 225 (months 7-9)). 460 

The seasonal distributions of the linear fits of Wisotopes to S are illustrated for two 461 

rather well sampled boxes in the western and north-central NASPG (1 and 2 on Fig. 1) 462 

(Fig. 23). The average salinity cycle roughly corresponds to what is expected in these 463 

two regions (Reverdin et al., 2018) with lower summer-fall salinity and higher winter-464 

spring salinity. In both regions the different seasonal distributions for 18O, 2H versus S 465 

nearly overlay each other with maybe a small negative isotopic shift in months 10-12 466 

contrasting with a positive shift in months 7-9, at least for the westernmost region. 467 

There are also slightly larger slopes in months 1-3.  468 

The seasonal d-excess versus S distribution also suggests differences according to the 469 

seasons, with d-excess apparently shifted to lower values in the spring season (4-6).  470 

This is also found in another region with reasonable sampling south-east of Iceland. The 471 

d-excess deviations across seasons exceed the uncertainty on the averages. For instance, 472 

assuming that all data points provide independent realizations, the standard errors on 473 

the d-excess averages in season 4-6/ 7-9 are respectively 0.04/0.03, and 0.015/0.016‰ 474 

for the western and north-central regions of the NASPG (1 and 2 on fig. 1), respectively. 475 

This is also foundsupported in another  nearby region (3) south-east of Iceland with 476 

reasonable sampling south-east of Iceland(not shown).  There is also a suggestion of a 477 

lower slope in season 10-12 with slopes altogether lower in the western than in the 478 

central NASPG (1 and 2 on figure 1). However, the estimated standard errors for these d-479 

excess versus S seasonal slopes are large and are estimated to be on the order of 0.15 480 

‰/psu in all seasons. Thus, even in these well-sampled regions, the differences 481 

between seasons in the slope of d-excess versus S linear relationships are within the 482 

error bars. 483 

3.32 Seasonal linear regressions in other larger regions 484 

Except for the well-sampled boxes in the NASPG, uncertainties are often large on 485 

seasonal regressions, in particular when sampling includes less than 10 individual data 486 

points, in particular for d-excess. For this derived variable, this is due to a worse 487 
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noise/signal ratio, with a smaller proportion of the variability explained by the 488 

regression to salinity. These proportions vary between boxes, but for 18O, 2H the part 489 

of the variance explained by the linear regressions tends to decrease towards the lower 490 

latitudes. The lowest values (20%-30%) are near the equator, thus corresponding to 491 

correlations which are only significantly different from 0 at p=0.02 or 0.05). On the 492 

other hand, for d-excess, the linear fit holds best in the equatorial Atlantic boxes where it 493 

explains on the order of 40% of the variance in individual data points (R2 r of 0.40 63 494 

and correlations significant at p=0.01). 495 

 496 

Thus, in order to retrieve a significant seasonal signature on in the slopes and 0-497 

intercepts, one needs to reduce the impact of the limited sampling on the seasonal 498 

uncertainties. To do that, in each season, we group average the regression estimates for 499 

for individual boxes into larger domains, based on commonality in the sources of water, 500 

and whether evaporation dominates over precipitation and other meteoric waters or the 501 

opposite. We inIn particular, we identify three regions. one North Atlantic subpolar gyre 502 

Rregion A (groupsing boxes1 to 4 in the North Atlantic subpolar gyrefrom Table 1 503 

(yellow boxes in Fig. 1)), with usually excess precipitation, a freshwater input from the 504 

Arctic and potential contribution of sea ice melt)., one east AtlanticR region B extends 505 

(from mid-latitudes to northern tropics in the eastern Atlantic,) encompassing 5 boxes 506 

(6, 10 to 13,  from Table 1; red ion Fig. 1), with usually excess evaporation and limited 507 

local continental meteoric inputs. Region C is , and onean equatorial and south-508 

equatorial region C withgrouping 3 boxes (15 to 17,  from Table 1; green ion Fig. 1), with 509 

sharing an upwelling season,  seasonal another season with excess precipitation, and 510 

possible influence of continental meteoric water. Based on that, weWe also attempted to 511 

create a western subtropical Atlantic region, and in the eastern Atlantic to separate the 512 

northern tropics from the more northern mid-latitudes in the eastern Atlantic. However, 513 

the uncertainties were then too large in some seasons for these smaller regions, so that 514 

we discarded such groupings.  515 
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 516 

Figure 43: Slopes (upper panels, in ‰/psu) and 0-intersects (lower panel, in ‰) from 517 

the seasonal regressions of 18O versus S in the three regions reported in Table 12. The 518 

dots are the averages with added standard error bars. From left to right: region A for the 519 

North Atlantic sub-polar gyre (yellow boxes in Fig. 1), region B for the eastern North 520 

Atlantic (red in Fig. 1), and region C for the equatorial Atlantic south of 5°N (green in Fig. 521 

1).  522 

Table 21: domain-averaged seasonal slopes and 0-intersects (standard error in 523 

parenthesis) from the regressions of Wisotopes versus S for the four seasons (region A 524 

for the North Atlantic Sub-polar gyre, B for the eastern North Atlantic, and C for the 525 

equatorial Atlantic south of 5°N. Seasons 1 to 4 are respectively for months 1-3, 4-6, 7-9, 526 

and 10-12. Note that for region 3, season 3, there are not enough data points in 2H and 527 

d-excess, and in season 4, region 17 is not included in the average values for 2H and d-528 

excess. Units are ‰/pss for all slopes and per mil for all intercepts. 529 

Region season  18O    2H   d-excess 530 
  Slope  0-intercept slope 0-intercept slope 0-intercept 531 
A 1  0.543 (0.017) -18.69 (0.65) 3.97 (0.24) -137.7 (8.5) -0.37 (0.13) 11.9 (4.8) 532 
A 2 0.448 (0.055) -15.34 (2.07) 3.31 (0.54) -114.3 (19.1) -0.46 (0.14) 14.9 (3.1) 533 
A 3 0.508 (0.052) -17.51 (1.99) 3.66 (0.45) -126.7 (15.9) -0.35 (0.08) 11.2 (2.3) 534 
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A 4 0.472 (0.032) -16.22 (2.22)  3.77 (0.25) -130.6 (8.9) -0.16 (0.11) 4.4 (4.0) 535 
 536 
B 1 0.342 (0.052) -11.40 (1.90) 2.26 (0.38) -75.8 (13.4) -0.46 (0.11) 15.2 (3.9) 537 
B 2 0.359 (0.034) -12.07 (1.25) 2.49 (0.27) -83.8 (12.1) -0.45 (0.10) 14.7 (3.7) 538 
B 3 0.354 (0.047) -11.92 (1.70) 2.30 (0.34) -77.9 (12.5) -0.52 (0.19) 17.4 (7.0) 539 
B 4 0.295 (0.031) -09.75 (1.15) 1.98 (0.21) -66.1 (7.6) -0.42 (0.12) 13.4 (4.5) 540 
 541 
C 1  0.107 (0.033)  -2.91 (1.20) 0.46 (0.17) -10.5 (5.6) -0.40 (0.16) 13.2 (5.5) 542 
C 2 0.036 (0.030) -0.38 (1.03) 0.44 (0.15) -9.3 (5.1) -0.46 (0.06) 14.0 (1.8) 543 
C 3 0.097 (0.028) -2.57 (1.02) 544 
C 4 0.140 (0.065) -4.15 (2.30) 0.28 (0.14) -4.4 (3.9)-0.51 (0.18) 16.6 (6.5) 545 

 These regional composites (Fig. 34, Table 21) do not often show large/significant 546 

seasonal variability of the slopes/intercepts, but there are some hints of signals. For 547 

example, in northern region A (yellow on Fig. 1) for 18O, the slope is slightly higher and 548 

intercept more negative in season 1 than during the rest of the year, albeit the difference 549 

is not significant at the 90% confidence level (Fig. 4). On the other hand, Ttable 21 for d-550 

excess in region A indicates a more negative slope and a larger 0- intercept in season 2, 551 

and the opposite for season 4, but these differences are also barely significant at the 552 

90% confidence level. Furthermore, these extrema happen for different seasons than for 553 

18O. 554 

In region C (equatorial Atlantic south of 5°N, green in Fig. 1), the slope for 18O is lower 555 

and the 0-intercept less negative in season 2 than during the other seasons, with the 556 

opposite in season 4, differences also barely significant at the 90% confidence level. On 557 

the other hand, there is no significant seasonal signal in the composite for region B 558 

(eastern Atlantic, red in Fig. 1). 559 

3.3 Average linear regressions 560 

For more than half of the boxes, the uncertainties on the individual seasonal slopes (and 561 

0-intersects estimated by the extrapolation of the regression line to S=0) are larger than 562 

the differences between these seasonal values. To portray the spatial variability in the 563 

slopes and 0-intersects, the individual seasonal slopes (0-intersects) are first averaged. 564 

In order not to bias the average between seasons, we accept a seasonal estimate, as long 565 

as it is based on at least 4 data points in at least 3 separate years. On the other hand, this 566 

choice to retain seasons with very small sampling can induce large standard errors on 567 

the coefficients when there is one season with this very low sampling (such as in 568 

regional boxes 5, 8, 9, 17, cf App. A).  In boxes 19 and 20 (SW Indian Ocean), these 569 
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annual averages are obtained by averaging only three (18O) or two (2H and d-excess) 570 

seasons, respectively, as the other seasons have no data.  571 

 572 

Figure 4:  Annual averages of the slopes (‰/pss) and 0-intercepts (‰) of Wisotopes as 573 

a function of S in the different domains. Left for 18O, middle for 2H, and right for d-574 

excess (cf table 2 for standard errors on these averages, estimated from the dispersion 575 

between the different seasonal averages).  576 

 577 

Table 2: Annual averages of the slopes (‰/pss) and 0-intercepts (‰) of Wisotopes as a 578 

function of S in the different boxes. Left for 18O, middle for 2H, and right for d-excess. 579 

These averages (and their standard error in parentheses) are obtained by arithmetically 580 

averaging the linear regression coefficients obtained for the seasons with data. 581 

Minimum salinity threshold as well as the total number of 18O data points are also 582 

reported. Slopes and 0-intercepts are reported with more digits than their uncertainties, 583 

in order to be able to reproduce the linear fit to the distribution of data points (centered 584 

on a mean S very different from S=0) 585 

Domain center Smin n 18O    2H   d-excess 586 
    Slope  0-intercept slope 0-intercept slope 0-intercept 587 
1 45°W/52°N 34 232 0.555 (0.013) -19.13 (0.46) 4.26(0.16) -147.6 (5.5) -0.27 (0.03) 8.5 (1.1) 588 
2 32°W/58°N 34 658 0.479 (0.024) -16.46 (0.86) 3.44 (0.13) -119.0 (5.0) -0.48 (0.14) 15.7 (4.8) 589 
3 12°W/62°N 34 202 0.407 (0.051)  -13.9 (1.8) 2.87 (0.43) -98.9 (15.3) -0.37 (0.05) 11.9 (1.9) 590 
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4 32°W/47°N 34.5 50 0.531 (0.044) -18.25 (1.6) 4.15 (0.24) -143.9 (8.6) -0.15 (0.14) 4.2 (4.8) 591 
5 15°W/55°N 34.5 119 0.369 (0.050) -12.6 (1.7) 3.40 (0.49) -117.5 (17.1) -0.14 (0.10) 3.6 (3.5) 592 
6 15°W/47°N 35 159 0.399 (0.027)  -13.56 (1.0) 2.74 (0.24) -93.4 (8.7)  -0.59 (0.07) 19.9 (2.5) 593 
7 45°W/32°N 36 120 0.199 (0.010)  -6.1 (0.9) 1.17 (0.23) -35.2 (8.6) -0.41 (0.05) 13.3 (1.7) 594 
8 45°W/22°N 36 53 0.256 (0.027) -8.3 (1.0) 1.75 (0.32) -57.4 (12.3) -0.13 (025) 2.9 (9.8) 595 
9 67°W/30°N 36 30 0.260 (0.031) -8.3 (1.2) 1.76 (0.16) -56.0 (6.6) -0.29 (0.18) 9.0 (6.6) 596 
10 20°W/37°N 35.5 159 0.399 (0.019) -13.6 (0.7) 2.54 (0.12) -86.1 (4.4) -0.69 (0.18) 23.6 (6.8) 597 
11 20°W/30°N 36 125 0.303 (0.028) -10.1 (1.0) 1.98 (0.25) -65.9 (9.2) -0.41 (0.11) 11.3 (3.3) 598 
12 27°W/21°N 36 98 0.318 (0.041) -10.62 (1.5) 2.19 (0.33) -73.8 (12.0) -0.34 (0.05) 10.5 (2.2) 599 
13 32°W/14°N 35 129 0.265 (0.046) -8.6 (1.6) 1.84 (0.41) -60.3 (14.7) -0.28 (0.07) 8.5 (2.4) 600 
14 26°W/8°N 34 93 0.197 (0.055) -6.1 (2.0) 0.82 (0.35) -23.2 (12.5) -0.78 (0.22) 26.6 (7.8) 601 
15 22°W/0°N 34 317 0.071 (0.006) -1.6 (0.3) 0.39 (007) -7.7 (2.7) -0.36 (0.05) 11.4 (1.8) 602 
16 4°W/0°N 34 168 0.054 (0.025) -1.03 (0.8) 0.08 (0.11) -0.5 (0.9) -0.43 (0.12) 14.2 (4.4) 603 
17 7°W/13°S 35.5 172 0.161 (0.045) -4.9 (1.6) 0.65 (0.05) -17.2 (1.8) -0.60 (0.06) 20.3 (2.5) 604 
18 35°W/13°S 36 87 0.228 (0.020) -7.2 (0.7) 1.24 (0.27) -38.3 (9.8) -0.51 (0.05) 17.0 (1.9) 605 
19 60°E/25°S 34.5 130 0.486 (0.08) -16.56 (2.9) 2.43 (0.29) -81.8 (8.7) -0.06 (0.12) 0.8 (4.6) 606 
20 60°E/37°S 35 350 0.440 (0.033) -14.9 (1.2) 1.94 (1.20) -64.5 (42.6) -0.49 (0.21) 16.2 (7.4) 607 
 608 

The average slopes of 18O and  2H as a function of S (Fig.4, Table 1) are largest in the 609 

northern and western NASPG (boxes 1 and 2 in Table 2), as well as in the South Indian 610 

Ocean (boxes 19 and 20), whereas they are smallest near the equator. Slopes are usually 611 

also a little smaller in the western subtropical North Atlantic than in the eastern part. 612 

The 0-intercepts patterns mirror the patterns of the slope (with the opposite 613 

dependency: most negative in northern NASPG and south Indian Ocean).  614 

For d-excess, the pattern is less clear with larger relative errors, in particular for some of 615 

the extreme values (Table 2). Negative slopes are however largest in the two tropical 616 

Atlantic boxes south of the equator (17 and 18) and are smaller just south of the NASPG 617 

(boxes 4 and 5), as well as in box 19 in the subtropical South Indian Ocean near 25°S.  618 

The d-excess 0-intercepts present a similar pattern to the one in the slope, with large 619 

positive 0-intercepts for large negative slope values. The overall anti-correlation of slope 620 

and 0-intercept could be real, but could also arise to some extent from noise, as S=0 is 621 

very far from the range of salinity in which data were retained, and thus an 622 

extrapolation based on a noisy slope estimate would induce an anti-correlated noise in 623 

0-intercepts.  624 

 625 

3.4 Monthly time series 626 
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In most regions, monthly standard errors are often large compared to the amplitude of 627 

the seasonal cycle, and part of the apparent seasonal cycle might results from spatial 628 

sampling biases. However, there are a few regions where there is sufficient agreement in 629 

the salinity seasonal cycle with the climatology, such as in the central and western parts 630 

of the NASPG, or in the central Atlantic box 14 (5-12°N) (cf App. B). The sampled S 631 

seasonal cycle in this last region presents a good agreement with monthly salinity 632 

climatologies, whereas in box 15 to its south (5°NS-5°N°S) there were larger differences, 633 

in part because of large month-to-month spatial differences in the sampling (cf App. B).  634 

We thus chose to illustrate the average seasonal cycles for surface salinity, 18O, 2H and 635 

d-excess in these two contrasting equatorial regions with the monthly means and the 636 

standard deviations of the monthly samples (Fig. 52). In addition, the smaller estimated 637 

standard errors are commented in App. B for S these two regions. For the equatorial 638 

region, we also estimate a seasonal cycle in Wisotopes free of the spatial sampling bias, 639 

based on the expected S-bias (from App. B) and the annual S-Wisotopes linear 640 

relationships of Table 21. 641 

 642 

Figure 5:  Average seasonal cycle in two central equatorial Atlantic boxes (14 and 15) for 643 

S (practical surface salinity, with no unit), 18O,  2H and d-excess (in ‰). The averages 644 
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are usually provided monthly, except bi-monthly in a few instances with insufficient 645 

monthly sampling. The standard deviation among the data points is plotted (as +- 1 ), 646 

and the monthly data number indicated for 18O lower left panel. For the 5°S-5°N box 647 

15, the blue curves are estimated box-average seasonal cycles with a removal oafter 648 

removingf the spatial sampling bias. 649 

The two boxes of Fig. 5 present a large contrast in their seasonal cycles. The ones 650 

inseasonal cycles in the 5-12°N box 14 are have a much larger amplitude than the ones 651 

in box 15the 5°S-5°N box, especially after the correction applied to remove the spatial 652 

sampling bias of the box. In this box 15, the standard deviation of the seasonal salinity 653 

cycles diminishes when applying the S-derived sampling bias correction from 0.27 to 654 

0.15 for S, 0.027 to 0.015‰ in 18O, from 0.19 to 0.16‰ in 2H and from 0.19 to 0.14‰ 655 

in d-excess. Despite the small valuesFurthermore, the correlation coefficients between S 656 

and other Wisotopes variables diminish when applying the spatial bias. They remain 657 

significant at the 90% confidence interval for 18O (Pearson correlation coefficient of 658 

0.71), but not so for 2H (0.60) or d-excess (-0.46), albeit it remains negative as it was, 659 

compared to -0.78 before removing the spatial bias (-0.78). The lack of correlation for d-660 

excess is not surprising with given the estimated standard errors (cf App. B) and the 661 

very limited sampling in some months, e.g.,particular in months 7-9.  In box 14 (the 5-662 

12°N box), the correlations with S are more significant for 2H (Pearson correlation 663 

coefficient of 0.88) and d-excess (-0.87), but not for 18O (0.73). 664 
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 665 

Fig. 6: Average linear regressions of Wisotopes (‰) as a function of S (the average of 666 

the four seasonal linear regressions) for two central Atlantic equatorial regions (left 667 

5°N-12°N; right 5°S-5°N) displayed from top to bottom for 18O, 2H and d-excess (d-e). 668 

The four average seasonal values (without correction for the spatial representativity 669 

error) are shown with their standard error bars (SE) (it is smaller than the dots size, 670 

except in season 1-3).  671 
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As a complementary vision on what these box-average seasonal cycles entail, the 672 

different seasonal averages are plotted with the annual average regression lines from 673 

Table 1 in Wisotopes versus S plots (Fig. 6). For 18O, 2H, they nearly overlay it, 674 

suggesting that the seasonal changes mostly correspond to the action of similar 675 

hydrological processes as the spatial spread during one season. However, this is 676 

somewhat different from the larger regional averages from Fig. 4 and Table 2, which 677 

includes the 5°S-5°N box and suggest a seasonal cycle iof the slopes and 0-intercepts.  678 

This thus requires a little bit of caution on how spatially stable these relationships are 679 

within the larger region C, and whether the processe that control the spread of sampled 680 

values are the same as those controlling the regional average. Notice also that there is a 681 

suggestion of a seasonal difference in d-excess with points in seasons 4-6 and 7-9 (10-682 

12, 1-3) to the right (left) of the average regression line for both regions (Fig. 6).  683 

 684 

In most other regions, the seasonal cycle in salinity and Wisotopes is rather weak or 685 

present large uncertaintiesThis is fairly typical of what one could state in most other 686 

regions and where the seasonal cycle in salinity is rather weak, with the exception of 687 

three better-sampled boxes in the North Atlantic subpolar gyre.  We also present in App. 688 

C, the seasonal cycle of the BATS time series monitored over 7 years. This is somewhat 689 

different from the box averagesAs there is regular sampling at that site, as there is no 690 

spatial representativity error to correct for in this case. Standard errors come from the 691 

meso-scale and interannual variability, as well as poor sample conservation and 692 

measurement uncertainties (see discussion in App. C). A comparison was done with box 693 

9 results, but this box is the les wellworse-sampled box and spatial representativity 694 

errors to be corrected are large. Nonetheless, at 0-order and with standard errors 695 

comparable to the observed seasonal cycle, this box 9-values agrees withto what is 696 

obtained at the BATS station. This suggests a limit of what can be obtained in very low 697 

sampling areas. 698 

.  699 

4. Discussion 700 
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None of the earlier papers as well as the mapping presented in LeGrande and Schmidt 701 

(2006) discuss the seasonal variability in surface Wisotopes data in the regions 702 

investigated here away from shelves and continental slopes, because the weaker 703 

sampling and larger scatter in the earlier datasets would only allow to separate the 704 

largest scales (and only for 180).  705 

4.1 Annual-averaged linear regressions 706 

Although this dataset is not always sufficient to identify seasonal variability in the 707 

relationship of Wisotopes with salinity, it allows to portray rather well the spatial 708 

structure of these regressions, and with little seasonal bias. This usually fits well with 709 

what was published earlier.   Frew et al (2000) indicate for the NASPG a rather steep 710 

slope of the regression line of 18O vs salinity (0.59‰/pss) and a rather low 0-intercept 711 

(-23‰) indicative of a large contribution of meteoric waters/freshwater of Arctic 712 

origin. These values are close to but a little larger with respect to the ones we find in the 713 

surface waters. Our data are mostly located in the western part of the NASPG, and 714 

exhibit a smaller spread. Part of the difference originates in that we do not retain the 715 

lowest salinities typical of the shelves and slopes in the regressions. The surface data in 716 

Voelker et al (2016) a little further south (30-40°N) in the eastern Atlantic indicate for 717 

18O a somewhat lower slope (0.32 ‰/pss) and a higher 0-intersect, somewhat similar 718 

to what we find in collocated boxes 11-12 (similar agreement found for 2H).   719 

Benetti et al (2017a) who also reports on 18O, 2H and d-excess from a subset of the 720 

data used here show spatial variability in the regression line of Wisotopes with salinity 721 

between some of the same regions of the mid-latitude to equatorial Atlantic that are 722 

explored here with a widely extended dataset. Benetti et al (2017a) explained to some 723 

extent the spatial variability from mid-latitudes to the equator through properties of P 724 

and E, and the relative contribution of the two, with for example the central equatorial 725 

Atlantic dominated by precipitations not very depleted in heavy isotopes, thus inducing 726 

a small slope in the distributions of 18O, 2H, to salinity. They additionally present an 727 

east to west contrast in the slopes at the North Atlantic tropical and subtropical 728 

latitudes. They point out that the surface water masses in the western Atlantic carry the 729 

advected contribution of the Amazon-Orinoco discharge and low latitudes 730 

precipitations, whereas the surface water masses in the eastern Atlantic advect high 731 
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latitude North Atlantic contribution as well as excess evaporation. Our study also finds 732 

that contrast, and suggests that this is not related to seasonal differences in the sampling 733 

used in Benetti et al (2017a), albeit sampling in the western subtropical Atlantic is 734 

sparse. Furthermore, the lowest regression slope for 18O and  2H in the western 735 

subtropical North Atlantic is also supported by the BATS hydrographic station surface 736 

data (see App. C). 737 

4.1 2 Seasonal linear regressions 738 

None of the earlier papers, nor  as well as the mapping presented in LeGrande and 739 

Schmidt (2006) discuss the seasonal variability in surface Wisotopes data in the regions 740 

investigated here away from shelves and continental slopes, because the weakpoorer 741 

sampling and larger scatter in the earlier datasets would only allow to separate the 742 

largest scales (and only for 180) in an ‘average way’.  743 

To some extent, the qualified surface data in the updated CISE-LOCEAN database allow 744 

to make some step towards resolving the seasonal time scales. Sampling remains very 745 

low in large areas (Fig. 1), with often too large scatter in the data. There are some 746 

regions with large deviations in the regression to salinity: for example, west of the 747 

British Isles, the relationships are different possibly because there are multiple sources 748 

of freshwater mixing up with North Atlantic Drift waters from the subtropics: input from 749 

the fresher NASPG waters with an Arctic water input, on one hand, but also less depleted 750 

freshwater from rain and runoff from the British Isles and western Europe. Importantly, 751 

this region is insufficiently sampled, so these deviations could also be artefacts due to 752 

insufficient sampling. Similarly, in the 20-30°S band of the southwestern Indian Ocean, 753 

we also find rather uncertain seasonal regressions (Table 2). Based on Reverdin et al 754 

(2025) (and publications therein) this could originate from a combination of two main 755 

freshwater sources to this mostly excess-evaporation region:, a first one very depleted 756 

which is advected from the surface sub-Antarctic austral ocean with southern latitude 757 

characteristics, and a second one less depleted carried by the Indonesian throughflow 758 

from the western equatorial Pacific and maritime continent to the southwestern tropical 759 

Indian Ocean. In the present study, we have not tried to separate the two and could not 760 

test whether there is a seasonal dependence to itin the respective contribution of these 761 

two water masses. 762 
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In the central equatorial Atlantic, when comparing the Wisotopes averages in the 5°N-763 

12° box (14) with the ones in the 5°SN-5°NS box (15), we find well defined seasonal 764 

cycles in both regions, albeit with very different timings of maxima and minima (Fig. 5). 765 

This is expected from the seasonal meridional displacements of the Inter-tropical 766 

convergence Zone (ITCZ) and associated changes of ocean circulation and equatorial 767 

upwelling, as discussed for S (Reverdin et al., 2007; da Allada et al., 2013; Yu et al., 768 

2021). The ITCZ is furthest south in January-March, with a later initiation of the seasonal 769 

equatorial upwelling in May, simultaneous with the northward displacement of the ITCZ, 770 

as well as the setting of the eastward NECC North Equatorial CounterCurrent (NECC) 771 

later on (July-August) bringing water from the Amazon plume in addition to local 772 

precipitation to the central equatorial Atlantic further north (box 14, 5-12°N).  This 773 

would have induced in season 10-12 of box 14 (5-12°N) changes in 18O and 2H 774 

intercepts, and a lower intercept for d-excess (not shown) compatible with a seasonal 775 

influence of Amazon river discharge (for properties of waters more strongly influenced 776 

by Amazon discharge, cf Benetti et al., 2017a). In each of the two regions, S, 18O and 2H 777 

vary mostly in phase, whereas d-excess varies in opposite phase (but not significantly in 778 

box 15, 5°S-5°N) (Fig. 5), consistent with the average regression of these different 779 

properties with respect to salinity (Table 12).  780 
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 781 

Fig. 6: Average linear regressions of Wisotopes (‰) as a function of S (the average of 782 

the four seasonal linear regressions) for two central Atlantic equatorial regions (left 783 

5°N-12°N; right 5°S-5°N) displayed from top to bottom for 18O, 2H and d-excess (d-e). 784 

The four average seasonal values (without correction for the spatial representativity 785 

error) are shown with their standard error bars (SE) smaller than the dots size, except 786 

in season 1-3.  787 
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As a complementary vision on what this entails, the different seasonal averages for 18O 788 

and 2H are plotted with the average of the seasonal regression lines (Fig. 6). They 789 

nearly overlay it, suggesting that the seasonal changes mostly correspond to the action 790 

of similar hydrological processes as the spatial spread during one season. This is 791 

somewhat different from the larger regional averages from Fig. 3 and Table 1, which 792 

includes box 15 and suggested a seasonal cycle in the slopes and 0-intercepts.  This thus 793 

requires a little bit of caution on how spatially stable these relationships are within the 794 

larger region C, and whether what controls the spread of sampled values is the same as 795 

what controls the regional average. Notice also that there is a suggestion of a seasonal 796 

difference in d-excess with points in seasons 4-6 and 7-9 (10-12, 1-3) to the right (left) 797 

of the average regression line for both regions (Fig. 6).  798 

In the north-western Atlantic (boxes 1 and 2 of Fig. 1; but this also holds for nearby 799 

regional boxes included in region A of Ttable 21), one finds suggestions ofin winter 800 

(months 1-3) a larger winter (months 1-3) regression slope (and more negative 0-801 

intercepects) for 18O and 2H than in other seasons. This is reminiscent of the results in 802 

Benetti et al (2016), which they attribute to a contribution of sea iice formation (brine 803 

release), albeit we restrict here the data to salinities above 34, thus possibly missing a 804 

good part of this signal, which is strongest at the lowest salinities and along the shelves 805 

and continental slopes. Interestingly, for d-excess, the largest anomaly happens less in 806 

winter than in spring, with the average d-excess and individual data points shifted to 807 

more negative values (at constant S), and with a larger negative slope (at least when 808 

averaged over the four seasons, as presented in Table 12, and seasonally grouped as 809 

region A inof Table 21) and a larger positive 0-intercept. It would be tempting to relate 810 

that to advection of water affected by sea ice formation processes. However, the 811 

respective fractionations for 18O and 2H when  sea ice forms, at least at equilibrium, 812 

remain very close to a ratio of 8 in (Souchez et al., 1988), thus inducing no major change 813 

for d-excess in the remaining liquid sea water. However, what is published on sea ice 814 

properties during formation at least at equilibrium does not suggest major differences 815 

from a ratio of 8 in the fractionation for 18O and 2H (Souchez et al., 1988), thus 816 

inducing no major change for d-excess in the remaining liquid sea water when freezing 817 

occurs. Thus, as salinity increases due to brine releases, this would induce a shift of the 818 

regression line would shift to the right, thus above on Fig. 33. However,, whereas this is 819 

Commenté [UMO1]: Also, sea ice formation should be 
strong during the winter too. 
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the opposite to what is observed. As these are areas with active winter air-sea exchange 820 

and mixing and air-sea exchangeof the upper water column, although not to the same 821 

level in the four regional boxes, the changes might also be attributed to those 822 

contributionsprocesses. This would require a modelling approach to fully apprehend. 823 

In most other regional boxes investigated, the seasonal differences observed in the 824 

regressions to salinity were not found to be significant, even after grouping (averaging) 825 

these different regions into larger domains (Fig. 4; table 2). Thus, the seasonal 826 

variability is usually not of a similar magnitude as the large-scale spatial differences. 827 

This thus allows for the use of the surface Wisotopes data in comparisons of different 828 

databases/sets, even if these datasets have not been collected in the same season (as 829 

done in Reverdin et al., 2025). This does not preclude that some areas with large 830 

seasonal variability of advection, evaporation (E), precipitation (P), and different 831 

sources of freshwater maywill present larger seasonal signals in the regional regression 832 

lines. This is probably what we observe in the central equatorial Atlantic in months 03-833 

04, and it is also likely the case in areas of the western equatorial Atlantic presenting 834 

very large seasonal (and interannual) variability, due to the freshwater seasonal 835 

discharges mostly originating from the Amazon/Orinoco rivers. This has been observed 836 

in other oceans, such as in the western/central equatorial Pacific (Conroy et al., 2017; 837 

Horikawa et al., 2023). Higher data density would be required to establish potential 838 

seasonal and interannual variability in the regression lines. For example, in the South 839 

Indian Ocean, although there is a long time series (starting in 1998) with often adequate 840 

spatial sampling for austral summer (1-3) conditions (Akhoudas et al., 2023), there are 841 

nearly 5 months in the year with no data in the CISE-LOCEAN database, and the winter 842 

data are mostly from the beginning part of the time series, thus with the possibility of 843 

trends (Akhoudas et al., 2023) creating apparent seasonal variability.  844 

4.2 Average linear regressions 845 

Although not always successful to identify seasonal variability in the relationship of 846 

Wisotopes with salinity, this dataset allows to portray rather well the spatial structure 847 

of these regressions. This usually fits well to what was earlier published seasonally.   848 

Frew et al (2000) indicate for the NASPG a rather steep slope of the regression line of 849 

18O to salinity (0.59‰/pss) and a rather low 0-intercept (-23‰) indicative of a large 850 
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contribution of Arctic freshwater origin of the meteoric waters. These values are close to 851 

but a little larger to the ones we find in the surface waters, but mostly in the western 852 

part of the NASPG, and with a smaller uncertainty. Part of the difference originates in 853 

that we don’t retain the lowest salinities typical of the shelves and slopes in the 854 

regressions. The surface data in Voelker et al (2016) a little further south (30-40°N) in 855 

the eastern Atlantic indicate for 18O a somewhat lower slope (0.32 ‰/pss) and a 856 

higher 0-intersect, somewhat similar to what we find in collocated regions 14-16 857 

(similar agreement found for 2H).   858 

Benetti et al (2017a) who also reports on 2H and d-excess from a subset of the data 859 

used here show spatial variability in the regression line of Wisotopes with salinity 860 

between some of the same regions of the mid-latitude to equatorial Atlantic that are 861 

explored here with a widely extended dataset. Benetti et al (2017a) explained to some 862 

extent the spatial variability from mid-latitudes to the equator through properties of P 863 

and E, and the relative contribution of the two, with for example the central equatorial 864 

Atlantic dominated by precipitations not very depleted in heavy isotopes, thus inducing 865 

a small slope in the distributions of 18O, 2H, to salinity. They additionally present an 866 

east to west contrast in the slopes at the North Atlantic tropical and subtropical 867 

latitudes, which they attribute in part to the advected contribution of the Amazon-868 

Orinoco discharge, as well as low latitudes precipitations, to surface water masses in the 869 

western Atlantic, contrasting to the high latitude North Atlantic contribution to the 870 

surface water masses in the eastern part of the basin. Our study also finds that contrast, 871 

and suggests that this is not related to seasonal differences in the sampling used in 872 

Benetti et al (2017a), albeit sampling in the western subtropical Atlantic is not large. On 873 

the other hand, the lowest regression slope for 18O and  2H is also supported by the 874 

BATS hydrographic station surface data in the western subtropical North Atlantic (see 875 

App. C). 876 

4.3 Monthly time series 877 

When establishing box time series with limited spatial sampling, we face the issue of 878 

spatial representativeness errors in the sampling. An attempt was done to correct it by 879 

using the annually-averaged regression lines in the same box with the estimated salinity 880 

representativeness errors (App. B). This , which resulted in reduced seasonal variance in 881 
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Wisotopes in equatorial Atlantic box 15. On the other hand, there is the caveat that the 882 

larger scale seasonal regression line (domain C3) shows a large seasonal variability, 883 

albeit marginally significant (Fig. 43). Using this modulation of regression line in box 15 884 

does not significantly modify the seasonal cycle in 18O and  2H, with slightly lower 885 

resulting values for months 11-12 and higher values in months 1-3 (not shown), but this 886 

could have a more noticeable impact in other boxes. On the other hand, with the limited 887 

sampling, there is also the likelihood that insufficiently sampled interannual to multi-888 

decadal variability might result in a temporal representativity error. For example, in the 889 

South Indian Ocean, multi-decadal trends have been described both in the southwestern 890 

subtropical region and south of the Subantarctic front, which have been ascribed to 891 

changes in the hydrographic cycle and in particular in local E and P (Akhoudas et al, 892 

2023).  893 
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Fig. 7: Anomalized time series of sea surface salinity (pss), 18O,  2H and d-excess (‰) 896 

at the BATS site (31°50’N, 64°10’W). A version where averages of non-flagged LOCEAN 897 

and Bergen data is shown (see App. C). The blue curve connects individual data points, 898 

whereas the black curve is a 1-year running mean of the data. 899 

The BATS site time series in the western North Atlantic subtropics (App. C) is one of the 900 

rare sites where there was a concerted effort to regularly gather collect data over more 901 

than 7 years.  It shows a clear seasonal cycle in S, 18O and 2H, but less so in d-excess 902 

(App. C), as sampling is still too limited with given the uncertainties in the 903 

measurements (App. C). Anomalizing the data by subtracting the monthly-averaged 904 

seasonal cycle removes a significant part of the variance (Fig. 7 and App. C). However, 905 

except for a few peak values exceeding +-0.15‰ for 18O, the values are usually rather 906 

close to the estimated standard errors, as well as the and possible magnitudes of 907 

systematic errors in the data. Even with the one-year running mean (Fig. 7, black 908 

curves), standard errors remain large, averaging 0.026 in S, and 0.018, 0.13, 0.06‰ on 909 

18O, 2H and d-excess, respectively. 910 

Despite these large residual standard errors, the data suggest higher than normal 18O 911 

and 2H in, in mid-2017 to 2018 (in particular the winter 2017-2018) with lower values 912 

in 2019 and 2021. These do not seem to closely correspond to the S variability. For 913 

example, notice in early 2016 the low salinities but no low 18O and 2H. The d-excess 914 

time series suggests a contrast between very negative values in winter 2017-2018 and 915 

positive in 2021 as well as in late 2015 early 2016 and in 2019. This seems to partially 916 

mirror (with opposite sign) the salinity anomalies, except in 2022. , which seem to 917 

mirror (with opposite sign) the changes in salinity, but not so in 2022.   These short time 918 

series appear to partially co-vary with the North Atlantic Oscillation (NAO, Hurrell et al., 919 

2003), with the winters 2014-2015, 2017-2018, and to a lesser extent early 2020, 920 

having a positive NAO index, in contrast to 2021 with a more negative NAO index 921 

(positive NAO index resulting inassociated with an increase in 18O and 2H, and a 922 

decrease in d-excess). A longer times series and with smaller analytical errors would 923 

allow to further explore these possible relationships, as well as with other modes of 924 

climate variability.  925 



38 
 

 

Nonetheless, interpreting the poorly resolved interannual variability would also require 926 

model simulations, in particular to separate the effect of changes in the hydrological 927 

cycle from the effect of changes in ocean circulation or surface stratification/upwelling 928 

signals (cf Ayache et al., 2024, but for another ocean region).  929 

 930 

5. Conclusions 931 

Although the current surface data in the CISE-LOCEAN database mostly collected during 932 

the last 285 years, and in particular since 2010, are still in limited number, they offer the 933 

possibility to characterize the seasonal cycle of Wisotopes and their relationship to 934 

surface salinity in part of the Atlantic Ocean and of the southwestern Indian Ocean. At 0-935 

order in most of these regions, we the data suggest that the seasonal variations of the 936 

regression of Wisotopes to salinity are not very large compared to its spatial variability, 937 

and within the random and representativity errors. However, tThere are some 938 

noticeable significant seasonal deviations from the mean, in particular in the western 939 

North Atlantic subpolar gyre and in the equatorial region. We can better characterize the 940 

spatial distribution of this relationship than done before, which hints to small seasonal 941 

deviations from the yearly-averaged relationships both for the equatorial Atlantic and in 942 

the northwestern subpolar gyre in the North Atlantic. We also find a suggestion of 943 

interannual variability at the regularly sampled BATS site in the western subtropical 944 

Atlantic.  945 

We have not only interpreted most of thesethe clearest seasonal deviations from the 946 

yearly-averaged relationships in a qualitative matter, . To get further would involve 947 

relating them either to changes in ocean circulation, both horizontal or vertical mixing, 948 

or in the water fluxes between the atmosphere, the cryosphere, sea ice, and liquid sea 949 

water. In addition to the data, this would require dedicated simulations of forced 950 

isotopically-enabled ocean models first validated by the observations (Ayache and 951 

Dutay, 2024). In the longer term, this might also require isotopically-enabled earth 952 

system models, as the isotopic signatures of these different processes (evaporation, 953 

precipitation, continental inputs) evolve in our warming world, as well as the melt of 954 

continental glaciers and ice sheets which will imprint on the seawater isotopic 955 
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composition (e.g., Oppo et al., 2007). Additionally, surface seawater isotope data provide 956 

model boundary conditions to assess model performance in isotope-enabled Earth 957 

system models (e.g. Schmidt et al., 2007; Brady et al., 2019; Cauquoin et al., 2019). 958 

The data are still very limited in individual data sets such as the CISE-LOCEAN one, the 959 

earlier GISS Global Seawater Oxygen-18 database or the CoralHydro2k Seawater 18O 960 

database. There is an urgenta pressing need to put together efforts for better 961 

isotopically sampling the near-surface oceans, and thus better constraining processes of 962 

the hydrological cycle. This requires active intercomparison of data from different 963 

sourceslaboratories, with precise qualification of their differences and respective 964 

accuracy (as currently performed on a smaller scale within the SCOR working group 171 965 

– MASIS). There is hope with ongoing efforts of data retrieval and updating databases 966 

that this might be reachable in many parts of the world oceans, despite the obstacles of 967 

systematic differences and insufficient data coverage (Reverdin et al., 2025).  968 
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Appendix A Seasonal data distributions  1200 

 1201 

Figure A1: seasonal data distribution with box overlain (color contours corresponding 1202 

to the regions 1 - yellow, 2 - red, 3 - green). The grey dots are for IRMS data, whereas the 1203 

colored ones indicate CRDS data with a color scheme corresponding to data density 1204 

within 25 km of the data (blue, less than 5 nearby data, cyan with 5 to 9 data, red, 10 or 1205 

more data). For each season panel, the box numbers are indicated when there are 4 or 1206 

less 18O data in the season. 1207 

 1208 

The maps of data distribution (fig. A1 for 18O, but except for IRMs data in grey in Fig. 1209 

A1, maps for 2H and d-excess are rather similar) indicates strong inter-seasonal 1210 

variability. On sees finds that mostly in regions with where cruises were repeated over 1211 

many years in a specific seasons (recent tropical Atlantic PIRATA cruises in months 3-4, 1212 

Ovide NASPG cruises close to month 6, and most recent OISO SW Indian cruises in 1213 

months 1-2). Except for the OISO cruises and a few mostly summer-time sail-boat 1214 

samples (months 10-3), there are no data in the SW Indian Ocean (boxes 19, 20). In 1215 
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other areas, this is more random, and those boxes/seasons with virtually no data are 1216 

specifically indicated on the maps (4, 5, 8, 9, 17). Data density is high (here estimated as 1217 

within a 25 km radius) along repeated cruises and where there was a long-time 1218 

concerted effort to collect water samples from ships of opportunity in the NASPG 1219 

(SURATLANT project). 1220 

 1221 

  1222 
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Appendix B: Comparison of salinity box averages 1223 

We compare the box averages salinity seasonal cycle estimated from the LOCEAN data 1224 

to climatological monthly fields of in situ salinity from Reverdin et al. (2007) updated to 1225 

1977-2016 and from the satellite-based CCI V4.4 S product averaged over 2011-2024 1226 

(Boutin et al., 2021) (later referred to as CCI). These two climatologies provide 1227 

information on the effect of the limited spatial sampling in the boxes on the monthly box 1228 

averages. The results with these two climatologies that differently span most of the 1229 

period in which data were collected are rather similar. In most regions and for a large 1230 

part of the seasonal cycle, we find that the spatial standard deviation of climatological 1231 

monthly salinity contributes to a rather large representativeness error with the 1232 

sampling of the LOCEAN dataset which exceeds 0.1 on salinity for most months and 1233 

regions. The notable exception is in the better sampled boxes of the North Atlantic 1234 

subpolar gyre.  1235 

For example, in the central Atlantic north-equatorial (5-12°N) and equatorial (5°N-5°S) 1236 

domains, the spatial standard deviation of climatological monthly salinity in the in-situ 1237 

climatology varies between 0.2 (north-equatorial in months 1-4) to 0.4 (north-1238 

equatorial, months 6-11) or even 0.5 (equatorial, months 10-11-12-1), and this both for 1239 

the in situ and the CCI monthly climatologies. Assuming random spatial sampling in the 1240 

current LOCEAN dataset, this would contribute to a representativeness error which 1241 

exceeds 0.1 on salinity for most months. 1242 

However, there are other contributions to the standard error on the monthly averages, 1243 

as a large proportion of the data can originate from a single cruise, and all data are not 1244 

independent with respect to interannual, higher frequencies than monthly or spatial 1245 

variability within the domain. These all contribute to the difference of S to the average 1246 

climatological seasonal cycle. In the instance of the North Equatorial region on Fig. 2 1247 

(and other regions too), the LOCEAN S seasonal cycle is more irregular than in the sea 1248 

surface salinity climatologies, but the differences are usually smaller than the  1249 

standard deviation between all the data. They are however larger than if one assumes 1250 

that all data are independent random representation of the mean (thus with a standard 1251 

error sqrt(n), where  been the standard deviation around the mean). The 1252 

compromise we adopt to estimate the standard error is to use as the number of degrees 1253 
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of freedom n/2. We also propagate that estimate to the other parameters (Wisotopes), 1254 

assuming that what is found for S is a model for the sampling issues.  1255 

Even, with that assumption, we find in regions which arewith irregularly spatially 1256 

sampled that the differences in S with the two monthly climatologies are larger than the 1257 

estimated standard error (Fig. B1). Part of that is associated with spatial variability of 1258 

the poorly sampled mean monthly fields, as seen for the central equatorial Atlantic 1259 

region 5°S-5°N (Fig. 2), when comparing (Fig. B1) the CCI climatology averaged spatially 1260 

over the box (thick black line) with the climatology sampled at the position of the data 1261 

points (thin black line). The thin black line there, but also to a lesser extent for the north 1262 

equatorial box (5°N-12°N) is closer to the monthly data average, with differences 1263 

compatible with the standard error estimates.   1264 

 1265 

Figure B1: Comparison of average seasonal cycle in the LOCEAN dataset (dots with error 1266 

bars) with two climatologies (curves), the blue one for 1977-2016 (In situ; Reverdin et 1267 

al., 2007), and the black ones being for the CCI V4.4 S for 2010-2023 (Boutin et al., 2021) 1268 

(the thick curve for the box averages, and the thin curve for the average at the positions 1269 

of the sampling). The standard errors plotted on the LOCEAN monthly averages, are 1270 

estimated taking n/2 as the number of degrees of freedom, where n is the sample size. 1271 

In these two boxes, in months with more than ten data points and extending that 1272 

assumption to estimate standard errors for salinity to the other Wisotopes variables, the 1273 

estimated standard error is small relative to the amplitude of the sampled seasonal 1274 

cycle. For example, for monthly 18O values in the equatorial domain, the estimated 1275 

standard error varies between 0.01 and 0.10‰ (smallest in March and largest in the 1276 
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poorly sampled July to September) The estimated standard error is typically 6 times 1277 

larger for monthly 2H values and 4 times larger for d-excess values than for 18O values.  1278 

Furthermore, one can also attempt to correct the sampling bias identified on salinity to 1279 

the other variables, by assuming that an average linear relationship between salinity 1280 

and Wisotopes holds.  1281 
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Appendix C: BATS seasonal variability  1282 

 1283 

Water samples were collected nearly monthly from 2015 to 2022 at the BATS 1284 

hydrographic site in the western subtropical Atlantic (close to (31°50’N, 64°10’W)). 1285 

They were stored in plastic bottles which were frozen once arriving at the Bermuda 1286 

Institute of Ocean Sciences. They were later unfrozen in Bergen (Norway) and run in 1287 

three separate days on a Picarro CRDS L2130. Then, the samples were refrozen, and 1288 

were unfrozen again shortly before been shipped to LOCEAN, where they were kept 1289 

unfrozen at 4°C, before analysis (thus, for some, up to nearly two months).  1290 

The BATS data have been validated and flagged as usually done at LOCEAN, based on 1291 

anomalous d-excess and compared to the set analyzed at the Univ. Bergen (referred to 1292 

as Bergen, later on). Out of 80 samples, some were flagged as likely bad when d-excess 1293 

was deemed too low (6 for the Bergen set; 15for the LOCEAN time series) and some as 1294 

likely good but suspicious if d-excess as too high (2 for Bergen,5 for LOCEAN). Five out 1295 

of the six likely bad flagged data in Bergen were also flagged as such in the LOCEAN set, 1296 

but not the two Bergen data flagged as suspicious. The larger number of flagged data at 1297 

LOCEAN suggests that the plastic bottles in which the samples were stored exchanged 1298 

water molecules with the outside air, after been unfrozen for shipment to LOCEAN and 1299 

before analysis. The number of suspicious flags (d-excess deviating by up to +1 ‰ from 1300 

usual) as well as the non-consistency for that between the two sets is suggestive of some 1301 

noise in the analyses. In particular, during the LOCEAN daily runs in December 1302 

2025/January 2026 there often was a poor reproducibility of a reference sample in the 1303 

runs. However, based on replicates, we expect that standard errors on the LOCEAN 1304 

measurements are usually less than 0.05‰ for 18O. 1305 
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 1306 

Figure C1. Monthly-averaged seasonal cycle at BATS of S, 18O,  2H and d-excess (from 1307 

top to bottom and left to right, in ‰) with averages for the 2015 to 2022 period and 1308 

their 1 standard errors depicted. The two colors correspond to the LOCEAN and 1309 

Bergen analyses of the samples, whereas the thin line markss the average of the two 1310 

sets. The black stars correspond to the averages for regional box 9 (fig. 1) adjusted to 1311 

the salinity at BATS (top panel left) taking the slopes of the regression to salinity 1312 

reported in Table 2. 1313 

We also suspect systematic shifts in the Bergen set between three different days of 1314 

analysis. We thus adjusted the Bergen set to the LOCEAN set by comparing unflagged 1315 

data separately for each of the three days of analysis in Bergen. After that, both sets are 1316 

used to estimate an average seasonal cycle (Fig. C1). Because of the small sample size 1317 

(averaging on the order of 5-6 samples for each calendar month), the standard errors 1318 

are large. The two sets of analyses indicate a rather coherent variability in S, 18O and 1319 

2H with differences within standard error bars (a mostly similar cycle is also found in 1320 

the Bergen set prior to the adjustment).  There are hints of a seasonal cycle with lowest 1321 

S in June to September. The summer S minimum is a prominent feature in the longer 1322 
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BATS time series, although in the 1990-2000 decade, the minimum occurred in 1323 

September (Phillips and Joyce, 2007). Fig. C1 also shows lower 18O and 2H in June-1324 

August.  Because of the limited sampling and the standard error bars, the large increase 1325 

of 18O and 2H in September, with no counterpart in S, may not be a representative 1326 

feature of an average seasonal cycle. However, it is tempting to associate it with the 1327 

beginning of the tropical storm (hurricane) season in late summer, and possible 1328 

individual storm/hurricane signatures. Because of the standard error bars in both 1329 

analyses, we attribute better confidence in the average of the two sets of analyses 1330 

(shown as the thin black line in Fig. C1), with overall a variability in Wisotopes nearly 1331 

following the spatial relation between S and Wisotopes in this region, except for 1332 

September (box 9 of Table 1). The standard errors are large on the d-excess monthly 1333 

averages.  However, the average of the two sets suggests a seasonal cycle with lower d-1334 

excess in months 12 to 5, and higher in months 7 to 10.  1335 

On Fig. C1, we also report as stars the CISE-LOCEAN data averaged in box 9 (to have 1336 

enough data, months 5 and 6 were grouped, as well as months 10 and 11). These 1337 

averages have relatively small standard errors on the order of 0.025, 0.160 and 0.070 1338 

‰ for 18O, 2H and d-excess respectively. They seem to fit within the error bars to the 1339 

curves of the BATS site, suggesting that the site is representative of a larger area. 1340 


