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Asymmetric Sea Surface Salinity Response to Global
Warming: “Fresh Gets Fresher but Salty Hesitates”
H. Douville! ©© and L. Cheng??

!Centre National de Recherches Météorologiques, Université de Toulouse, Météo-France, CNRS, Toulouse, France,
Institute of Atmospheric Physics, Chinese Academy of Sciences, Beijing, China, *Center for Ocean Mega-Science,
Chinese Academy of Sciences, Qingdao, China

Abstract Efforts to detect long-term changes in global mean evaporation minus precipitation over the ocean
remain ambiguous. Here we define an ad hoc sea surface salinity index to assess the observed and simulated
intensification of the freshwater flux pattern over the global ocean and, thus, of the overall water cycle. A recent
salinity reconstruction shows a long-term amplification of the climatological patterns, thereby supporting the
popular “fresh gets fresher, salty gets saltier” paradigm. Unlike in a previous study, no systematic
underestimation of this amplification is found in the latest generation of global climate models. Yet, the “fresh
gets fresher” paradigm is much more robust than its “salty gets saltier” counterpart and the proposed salinity
index does not yet provide a strong constraint on the model-dependent projected intensification of the global
water cycle intensification along the 21st century.

Plain Language Summary Recent changes in continental mean precipitation and evaporation

remain poorly observed and thus poorly constrained in both atmospheric reanalyzes and global climate models.
Here we propose a new index based on global sea surface salinity contrasts as a surrogate of changes in metric of
the water cycle intensity. Overall, both observed and simulated indices support the “fresh gets fresher, salty gets
saltier” paradigm, widely used to depict the overall intensification of the water cycle. Unlike in a previous study,
no systematic underestimation of the observed amplification in salinity patterns is found in the latest generation
of global climate models. The “salty gets saltier” response is however less robust than the “fresh gets fresher”
and the proposed salinity index is not yet very useful to constrain the future intensity of the global water cycle.

1. Introduction

Both annual mean precipitation (P) and surface evaporation (E) are projected to increase in a warming climate
(Douville et al., 2021). Yet, changes in terrestrial water availability (P-E over land) remain highly model-
dependent (Lehner et al., 2020) and cannot be easily constrained by narrowing climate sensitivity (Elbaum
etal., 2022). Observed trends in P-E are also uncertain due to limited evapotranspiration in situ measurements and
large inconsistencies between multiple satellite data sets. Atmospheric reanalyzes also suffer from considerable
discrepancies (Hersbach et al., 2020; Mayer et al., 2021; Robertson et al., 2016). This lack of reliable re-
constructions limits our current understanding of the water cycle response to human emissions of greenhouse
gases (Allan et al., 2020).

To overcome such difficulties, it is possible to focus on the oceanic component of the global water cycle (e.g.,
Durack et al., 2012). Ocean salinity integrates the highly variable £ and P fields in both space and time, and is
therefore among the best recorders of long-term changes in E-P (Cheng et al., 2020). Ocean basins provide the
largest possible rain gauges on Earth, and large-scale variations in sea surface salinity (SSS, sometimes also called
near-surface salinity since this is not a skin property of ocean surfaces) are shaped by both E-P patterns and
oceanic circulation (Grist et al., 2016; Vinogradova & Ponte, 2013; Yu, Josey, et al., 2017; Zika et al., 2018). The
former mechanism acts to create salinity contrasts, whereas ocean dynamics and small-scale vertical mixing
generally act to mitigate them.

Despite a large variety of fresh and salty domain definitions, the “fresh gets fresher, salty gets saltier” (hereafter
FFSS) paradigm is a widely-used summary of the overall intensification of the global water cycle (Allan
et al., 2020; Bindoff et al., 2019). In a landmark study, Durack et al. (2012) inferred a +8%/°C rate of intensi-
fication from observed 1950-2000 zonal mean SSS patterns and a twofold ratio between the increase in zonal
mean SSS wrt E-P contrasts simulated by global climate models (GCMs) from the third phase of the Coupled
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Model Intercomparison Project (CMIP3). A few years later, E-P changes were assessed in four atmospheric
reanalyzes, leading again to a range of increase that was much larger than in a selected GCM (Grist et al., 2016).
Yet, another study, using a water mass transformation theory based on full depth salinity observations, inferred a
much lower water cycle amplification of 3.0 + 1.6%/°C over 1950-2010 (Skliris et al., 2016). Moreover, targeted
numerical experiments suggested that E-P fluxes are not the only driver of recent changes in SSS patterns (Zika
etal., 2018). To sum up, the link between SSS and E-P patterns seems to be sensitive to the selected data, oceanic
regions and observation period.

Recently, the Institute of Atmospheric Physics (IAP) proposed a new gridded data set of observed salinity which
was successfully evaluated against other available products (Cheng et al., 2020). The amplification of the
climatological salinity pattern was supported by two indices simply defined as the full-depth or near-surface
salinity contrast between high versus low-salinity regions. A 1960-2017 global water cycle intensification by
2.6 £+ 2%/°C was inferred from the observed salinity contrast and a linear relationship between this contrast and E-
P patterns based on CMIP5 models (Cheng et al., 2020).

Our objective here is not to reconcile these previous studies, but to propose an ad hoc salinity index, based on E-P
rather than SSS ocean domains, and to highlight an asymmetric salinity pattern response to global warming.
Taking advantage of a recent update of the IAP salinity reconstruction and of an innovative Bayesian statistical
method (Ribes et al., 2021), we also try to constrain the CMIP6 projections under a high-emission scenario.

2. Data and Methods

A new version of the 0.5° resolution IAP monthly mean ocean salinity data set has been recently released (G. Li
et al., 2023). It is based on a dynamic ensemble optimal interpolation (OI) scheme. To perform interpolation
across data-sparse regions and intervals, the spatiotemporal covariance of salinity was estimated from historical
simulations conducted as part of CMIP5, which is flow-dependent and more realistically represents the ocean
variability than the widely used Gaussian covariance. The final 0-2,000 m global salinity data set has been
carefully evaluated using subsample tests and independent high-resolution satellite data. It is the longest record
(here 1940-2021) currently available to assess observed salinity changes. The subsample test, which samples the
recent near-global-coverage data by historical data distributions, indicates that IAP reconstruction is particularly
robust in describing long-term changes in salinity since ~1960 and, thus, is most suitable for this study. The
comparison with independent satellite data also indicates smaller errors compared with some of the available
products (Cheng et al., 2020; G. Li et al., 2023). This is related to the integration of the ocean salinity mea-
surements from all available instruments, the careful quality-check procedures, and the gap-filling methods.

The overall quality of subsurface salinity gridded data has been greatly improved since the beginning of the Argo
measurements in 2005 mainly because of the improved data coverage. Nevertheless, even Argo-based salinity
trends can disagree, especially in the subsurface North Atlantic and Southern oceans (C. Liu et al., 2020). The
focus here is thus on SSS rather than on deeper ocean levels. Besides the IAP data set, two alternative SSS
products have been also used: the global Ocean Reanalysis System (ORASS; Zuo et al., 2019) from the European
Center for Medium-Range Forecast (ECMWF) and a multi-observation data set from the Copernicus Marine
Service (cf. Table S1 in Supporting Information S1). The ORASS consolidated data was forced by two successive
atmospheric reanalysis and constrained by a growing amount of ocean observations. As many other ocean
reanalyzes, it may suffer from marked drifts prior to the Argo period when stability and biases reduce due to the
enhanced data coverage (Cheng et al., 2020; Shi et al., 2017). The early 1958—1972 period was here discarded due
to much lower global mean SSS values than over the post-1970 decades.

Unlike in previous studies, including Cheng et al. (2020), we simply quantify the global SSS contrast (hereafter
GSSSC) as the difference between ad hoc regions with negative (E > P) versus positive (E < P) atmospheric
moisture convergence (Figure S1 in Supporting Information S1):

1 1
SSSdA — SSSdA (1)
Agsp f Ap<p /

E>P E<P

GSSSC =

Note that the E > P and E < P domains can be either “static” (based on the E-P annual mean climatology) or
“dynamic” (i.e., based on time-varying monthly mean E-P fields). In both cases, the E = P isoline is derived from

DOUVILLE AND CHENG

20of 11

35U8217 suowIWoD aAIeal) a(geat|dde ay3 Ag peusenoh afe sapoie YO ‘asn Jo sajni Joj Akeiq 1 auljuQ AS|1/W UO (SUO N IPUOD-PUR-SLLLIB)I0D" AB| 1M AReiq 1|pu 1 UO//:SdNY) SUOIIIPUOD pUe SWd | 8U) 89S [7202/60/92] U0 AkeiqiauluQ A1 @oueld auelyooD Aq v6/0T 19£202/620T 0T/I0p/wod A8 | 1m Aziq putuo'sgndnbe//sdny wolj pepeojumoq ‘ST ‘¥202 ‘200876T



V od |
AGU

ADVANCING EARTH
AND SPACE SCIENCES

Geophysical Research Letters 10.1029/2023GL107944

the latest ECMWF global atmospheric reanalysis (ERAS, Hersbach et al., 2020, 2023). Despite the lack of direct
observations and data assimilation for precipitation and evaporation over the global ocean, we thus assume that
the ERAS5 atmospheric moisture convergence is accurate enough to delineate our two contrasted oceanic domains.
Yet, we remain cautious about the quantification of the E-P contrast (Mayer et al., 2021) so that we will focus on
GSSSC as a proxy for this contrast in the continuation of the study.

Beyond the IAP and ERAS data sets, the 1850-2022 HadCRUTS ensemble reconstruction of the global mean
surface temperature (hereafter GMST)—a combination of near-surface air temperature over land and sea ice and
of sea surface temperature (SST) over the ocean—is also used as a surrogate for the observed global mean surface
air temperature (GSAT).

Moving to CMIP6 climate simulations, both historical (1850-2014) and 21st century (2015-2100) simulations
from a subset of 31 models providing monthly outputs for all requested variables have been considered. The
SSP5-8.5 high emission scenario was selected in order to maximize the signal to noise ratio, thus enabling the use
of only one realization for each model. The global warming, as well as the global ocean contrast in E-P and SSS
have been diagnosed from raw model outputs, without spatial interpolation onto a common grid (unlike for maps
of the multi-model ensemble statistics shown in Supporting Information S1). The general pattern of the observed
ocean salinity climatology was shown to be captured by most CMIP6 models in spite of an increased fresh bias in
surface salinity compared to the previous generation of GCMs (Y. Liu et al., 2022).

Regarding the statistical method, we use the Kriging for Climate Change (KCC, 2023) toolbox developed by
Ribes et al. (2021) and Qasmi and Ribes (2022), and already applied in a very similar way by Douville
et al. (2022) or Douville and Willett (2023). It is based on Bayesian statistics where a prior distribution, z(x), of
the forced GSSSC response to anthropogenic forcings is derived from raw model outputs and constrained directly
with “observations” (here both GMST from HadCRUTS5 and GSSSC from IAP). The prior is estimated using a
Generalized Additive Model and a simple Energy Budget Model (for more details, see supplementary materials
from Ribes et al., 2021). The posterior distribution is obtained by assuming that observations, y, can be described
as: y = Hx + ¢, where H is a pseudo-observation operator allowing to extract the part of x observed in y, and ¢
represents both internal variability and observational errors. Since z(x) and ¢ are supposed to follow normal
distributions, the posterior can be easily derived using the Gaussian conditioning theorem. Such a bivariate
application of KCC has been tested successfully with pseudo-observations (Dutot & Douville, 2023; Qasmi &
Ribes, 2022) and accounts for the covariability between the two observational constraints. Finally, it should noted
that KCC is usually based on absolute anomalies (here in PSU) and is thus not sensitive to potential model biases
or uncertainties in the observed baseline climatology.

3. Results

We first compare the annual mean climatologies derived from the three SSS products over the common 1995—
2014 period (Figure S1 in Supporting Information S1). This “present-day” period will be also used to derive
annual mean anomalies in the continuation of the study. The climatological patterns are quite similar among the
three salinity products and are spatially consistent with the ERAS E-P climatology estimated over the same 20-
year period (as highlighted by the E = P isoline). In line with previous studies, large salinity values are generally
found in the subtropics, where E exceeds P. Conversely, low salinity levels are predominant over the Inter-
Tropical Convergence Zone and in the high latitudes, where P exceeds E.

Beyond the climatological patterns, the multi-decadal SSS variations have also been explored after spatial ag-
gregation over the two complementary E-P domains used in Equation 1 and first derived from the ERAS
climatology (Figures S2a and S2b in Supporting Information S1). The absolute salinity values are stronger in IAP
compared to the two other data sets. Yet, and as expected from the FFSS paradigm, both OI data sets indicate an
increasing salinity in the oceanic domain where the E-P climatology is positive (E > P) and a decreasing salinity
in the other domain (£ < P). As a result, the GSSSC index (Figure S2c in Supporting Information S1) shows an
apparent though not monotonic increase of 0.08 PSU per century over the available 1940-2022 period.

The suitability of the GSSSC index to depict recent and future changes in the oceanic water cycle is well sup-
ported by the strong inter-model relationship between E-P changes as defined in Equation 1 over the £ > P and
E < P domains, respectively (Figure S3 in Supporting Information S1). As expected, this relationship is however
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stronger when using monthly time-varying E = P isolines (R> = 0.96) rather than an annual mean climatology
(R? = 0.58) to delineate the contrasted ocean domains.

The fact that the GSSSC index does not depend on arbitrary salinity thresholds or latitudinal boundaries does not
necessarily imply that the index is less influenced by ocean transport or other confounding factors. Yet, the wider
the domains are and the greater is the relative influence of freshwater fluxes compared to ocean dynamics. The
link between relative changes in E-P versus SSS over the two contrasted domains (Figures S4a and S4b in
Supporting Information S1) is partly model-dependent so that the CMIP6 inter-model relationship is not as strong
as in Durack et al. (2012) or Cheng et al. (2020) as assessed from previous generations of GCMs. We however
claim that a domain definition based on the sign of E-P is easier to interpret in terms of atmospheric horizontal
water transport and overall water cycle intensity. This is further supported by a more straightforward link with the
projected global warming across CMIP6 models (Figures S4c and S4d in Supporting Information S1). Our results
therefore highlight the potential sensitivity of previous similar studies to the salinity index definition and call for a
trade-off: the selected index should be both sensitive to the magnitude of the projected global warming and
relevant as a metric of the water cycle intensity, at least above the global ocean.

In qualitative agreement with previous studies based on alternative salinity indices, the GSSSC evolution reveals
a long-term amplification of the global SSS pattern in the two OI data sets based on observations only, although
the expected increase of salinity over the E > P domain is less clear (Figure S2 in Supporting Information S1). The
annual mean time series are remarkably similar over the 1993-2021 overlapping period despite the fact that the
Copernicus multivariate algorithm combines in situ salinity measurements with satellite SST and SSS retrievals
from multiple satellite platforms, such as the Soil Moisture Active Passive and the Soil Moisture Ocean Salinity
instruments. In contrast, no clear positive trend appears in the ORASS5 global ocean reanalysis. Such a discrepancy
may arise from multiple reasons, including changes in the observation system and/or in the quality of the at-
mospheric forcings. Contrasted E-P climatologies between ERAS5 and the former ECMWEF reanalysis used to
drive ORASS may also play a role through the static definition of the two ocean domains.

To mitigate this issue, all time series have been recomputed using a monthly mean time-varying, rather than fixed
climatological, E-P mask. The resulting Figures la—1c compares well with Figure S2 in Supporting Informa-
tion S1, but shows an even stronger consistency between the IAP and Copernicus multi-observation data sets.
Moreover, the ORASS global ocean reanalysis now also shows a slightly increasing GSSSC index, despite a year-
to-year variability which remains inconsistent with the OI data sets. Because of the well-known limitations of
ocean reanalyzes (Wang et al., 2023; Yu, Jin, et al., 2017) and consistent variations of our two OI products, we are
fairly confident in the IAP GSSSC index, at least since 1960 when the estimated sampling errors suggest a reliable
reconstruction (Cheng et al., 2020). As a dipole, this index is likely to be less sensitive to systematic errors in
absolute salinity than basin-scale averages. The long-term GSSSC increase shown in Figure 1c is qualitatively
consistent with the parallel increase of the corresponding E-P contrast in the ERAS reanalysis (Figure 1f). The
increasingly salty domain shows a clear increase in E-P, whereas the freshening domain reveals a dominant
decrease (although less clear in ORASS), thus further supporting the FFSS paradigm.

If we assess the correlation between the raw annual mean IAP and ERAS timeseries as a measure of the consistent
evolution of the global salinity and E-P contrast respectively, the obtained 0.54 positive value is entirely
explained by common positive linear trends on top of inconsistent year-to-year fluctuations (—0.03 correlation
after linear detrending). This apparent inconsistency may arise from multiple reasons, including a relatively weak
influence of freshwater fluxes on surface salinity at monthly to interannual timescales associated with a dominant
contribution of the ocean dynamics to the SSS budget (Vinogradova & Ponte, 2013), but also deficiencies in the
ERAS reanalyzes where the water budget is not closed and changes in the observation system can lead to non-
physical hydrological variations (Hersbach et al., 2020; Mayer et al., 2021). Another possible reason is the
sampling of salinity observations, which results in less reliable reconstruction in representing monthly to inter-
annual variations of SSS (with signal to noise ratio typically less than 2) than decadal-to-multidecadal varia-
tions (Cheng et al., 2020).

By design, the water budget is perfectly closed in CMIP6 models. Moreover, the high-frequency ocean-
atmosphere coupling (typically every 3 hr) ensures the physical consistency of the E-P and SSS variability.
Figure 2 shows a scatterplot of correlations showing how the SSS and E-P time series covary from 1850 to 2100
over the E > P and the E < P domain, respectively. The color of the filled symbols is model-dependent and depicts
the sign and magnitude of the correlation between the global ocean SSS and E-P contrasts. The obtained
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Figure 1. Annual mean timeseries (solid lines) and linear fits (dashed lines) for three global sea surface salinity (PSU, left panels) and E-P (mm/day, right panels) data
sets spatially averaged over two contrasted global ocean domains where (a) E > P and (b) E < P according to the ERAS monthly mean reanalysis. Panel (c) is simply the
difference between panels (a) and (b) and thus corresponds to our GSSSC index (left panel) or the corresponding E-P contrast (right panel). As indicated in the two
legends, the different colors do net refer to the same data sets for left versus right panels. Note that the ORASS ocean reanalysis has been driven by E-P fluxes from
former ECMWF reanalyzes (not ERAS) so that ERAS and ORASS timeseries have not been averaged over exactly the same E-P domains. As an intermediate estimate,
ORASS/ERAS is based on E-P fluxes from ORASS but using the ERAS dynamic E-P mask to distinguish between the E > P and E < P domains (and using the whole
1958-2014 ORASS consolidated data, cf. details in Table S1 in Supporting Information S1).

“butterfly pattern” highlights an asymmetric relationship between SSS and E-P variations over the E > P versus
E < P ocean domains. Even the sign of the correlation remains model-dependent over the E > P domain, thus
challenging the robustness of the FFSS paradigm.

Although the year-to-year variability may slightly contribute, the inter-model spread in the correlations is clearly
dominated by contrasted linear trends across the full 1850-2100 period. This interpretation is supported by Figure
S4 in Supporting Information S1 showing similar scatterplots but for the projected E-P versus SSS relative
anomalies. Over the £ > P domain, all E-P anomalies are positive but they are poorly related to the salinity
changes which are either negative or positive, in line with the correlations shown in Figure 2. Although both E-P
and SSS anomalies are all negative over the E < P domain, the relevance of the dipole GSSSC index as a surrogate
for the global ocean E-P contrast is challenged, at least for the CMIP6 models that do not appear in dark red in
Figure 2. This poor link between the E-P contrast and corresponding GSSSC anomalies is however the antithesis
of the strong scaling of the E-P contrast anomalies with the projected global warming (Figure S4d in Supporting
Information S1). Such a link does not exist at the regional scale (Elbaum et al., 2022) and even at the global ocean
scale when using “static” rather than “dynamic” ocean domains (not shown), thus supporting the relevance of the
ocean domain definition when assessing salinity contrasts (e.g., Levang & Schmitt, 2015).

Looking at the global geographical distribution of projected SSS changes, Figure S5 in Supporting Information S1
indicates that the ensemble-mean CMIP6 salinity response is dominated by a North Atlantic dipole which may
reflect a projected slowdown of the Atlantic Meridional Overturning Circulation (AMOC) and thus of (heat and)
salt transport from the tropics to the extra-tropics. Such an interpretation is at least consistent with a former
analysis based on CMIP5 models (Skliris et al., 2020) showing that an AMOC decline can induce a southward
shift of the Inter-Tropical Convergence Zone, a dipole pattern of precipitation change over the tropical region and,
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Scatterplot of SSS vs E-P correlations in SSP5-8.5
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Figure 2. Scatterplot of correlations between annual mean E-P and sea surface salinity (SSS) timeseries (1850-2100) from 31
CMIP6 models (only one realization for each model). The correlation is estimated over the E > P ocean domain on the x-axis
and over the E < P domain on the y-axis. The color of the filled circles (one for each CMIP6 model) depicts the correlation
between the global SSS and E-P contrasts with redish colors for positive values and bluish for negative. All data are raw
timeseries without any filtering or smoothing. Yet, the results are fairly similar after removing the interannual variability (not
shown) and are fairly robust across different concentration scenarios (Figure S13 in Supporting Information S1).

thus, a decrease in freshwater input north of the equator. Ultimately, this mechanism drives a strong salinification
of the subtropics region and strengthens the northward salinity transport in the North Atlantic Ocean basin.

Opposite changes between the tropical Pacific and tropical Atlantic are also found, in line with Terray
et al. (2012). Yet, the prominent North Atlantic dipole suggests that this inter-basin SSS contrast may not be the
most suitable index to assess the intensification of the water cycle over the global ocean. Moreover, the ensemble
mean response conceals considerable modeling uncertainties, as revealed by the standard deviation and local 10th
and 90th percentiles of the local SSS changes in Figure S5 in Supporting Information S1. This is no surprise given
the considerable modeling uncertainties found in the CMIP6 hydrological projections (Douville et al., 2021),
including for precipitation (Figure S6 in Supporting Information S1), surface evaporation (Figure S7 in Sup-
porting Information S1) and, thus, their P-E difference (Figure S8 in Supporting Information S1).

Narrowing modeling uncertainty in available climate projections is a fast-growing area of research. Here we use
the KCC Bayesian statistical package (KCC, 2023) already applied to multiple variables and domains in both
CMIP5 and CMIP6 projections (Douville, 2023; Douville & Willett, 2023; Douville et al., 2022; Qasmi &
Ribes, 2022; Ribes et al., 2021). The method was successfully evaluated in idealized settings both at global and
regional scales (see also Dutot & Douville, 2023). Compared to linear regression methods, it takes advantage of
the full observational record, accounts for uncertainties due to both internal variability and observational errors,
and is less sensitive to potential outliers or redundancies in the raw model distribution (Sanderson et al., 2021).

Annual mean GSSSC timeseries have been computed from the monthly mean SSS outputs of 31 CMIP6 models
after concatenation of historical (1850-2014) and scenario (2015-2100) simulations (one realization only). The
calculation was made after SSS interpolation onto the corresponding native atmospheric grid to apply a model-
dependent E-P dynamic mask (cf. Equation 1). The focus of KCC is on the forced model response so that internal
variability was first removed from all concatenated time series using a spline smoothing with six degrees of
freedom. The prior distribution was then estimated assuming a Gaussian distribution of the multi-model
ensemble. Finally, the posterior distribution was derived (cf. details in Qasmi & Ribes, 2022) conditional to
two independent observed data sets: the 1850-2021 GMST record from HadCRUT (https://www.metoffice.gov.
uk/hadobs/hadcrut5/) and the 1940-2021 GSSSC index derived from the IAP reconstruction (G. Li et al., 2023).

DOUVILLE AND CHENG

6o0f 11

35U8217 suowIWoD aAIeal) a(geat|dde ay3 Ag peusenoh afe sapoie YO ‘asn Jo sajni Joj Akeiq 1 auljuQ AS|1/W UO (SUO N IPUOD-PUR-SLLLIB)I0D" AB| 1M AReiq 1|pu 1 UO//:SdNY) SUOIIIPUOD pUe SWd | 8U) 89S [7202/60/92] U0 AkeiqiauluQ A1 @oueld auelyooD Aq v6/0T 19£202/620T 0T/I0p/wod A8 | 1m Aziq putuo'sgndnbe//sdny wolj pepeojumoq ‘ST ‘¥202 ‘200876T


https://www.metoffice.gov.uk/hadobs/hadcrut5/
https://www.metoffice.gov.uk/hadobs/hadcrut5/

V od |
AGU

ADVANCING EARTH
AND SPACE SCIENCES

Geophysical Research Letters 10.1029/2023GL107944

KCC allows us to constrain both recent and future climate changes in a consistent way. Here we first apply the
method over two 50-year periods: 1951-2000 (as in Durack et al., 2012) and 1972-2021 (as the latest available
50-year observation period), respectively. The first scatterplot (Figure S9a in Supporting Information S1) shows
the late 20th change in GSSSC versus the corresponding increase in global mean near-surface air temperature
(GSAT). Although the estimated rate of increase in our different GSSSC index, around +6%/°C, is much lower
than in Durack et al. (2012) over the same period, the results somehow support their conclusion whereby most
(here CMIP6 instead of CMIP3) climate models underestimate the global salinity pattern amplification. Yet, the
5%-95% bivariate confidence interval of the observed amplification and global warming is very large, so that the
KCC posterior distribution of the model response, conditional to the observed time series, only shows a limited
narrowing of plausible changes. The revised ensemble-mean amplification of salinity patterns is around +3.5%/°
C and thus higher than the +2%/°C rate of the prior.

Looking at the more recent 1972-2021 period (Figure S9b in Supporting Information S1), excluding the less
reliable early IAP record and closer to the timescale explored by Cheng et al. (2020), the observations show an
accelerated global warming and a higher rate of increase in salinity contrast compared to the late 20th century. In
line with Ribes et al. (2021), the ensemble-mean recent global warming simulated by the CMIP6 models is too
strong, while the simulated GSSSC index becomes more consistent with the IAP best estimate. The CMIP6
ensemble mean rate of amplification of the global salinity pattern amplification is still around +2%/°C and thus
lower than the observed estimate. Although the 5-95% confidence interval of the IAP GSSSC change is reduced
compared to the late 20th century, the parallel increase in the simulated confidence interval prevents KCC to exert
a strong constraint on the projections. Yet, the posterior ensemble mean rate of increase in GSSSC now perfectly
matches the observed best guess estimate.

Moving to the transient 1850-2100 climate simulations driven by the high-emission SSP5-8.5 scenario after
2014, Figure 3 shows the constrained versus unconstrained anomalies of the annual mean GSAT and GSSSC
indices relative to the 1995-2014 climatology. The upper left panel (Figure 3a) confirms that the ensemble mean
global warming is overestimated due to a fraction of over-sensitive CMIP6 models. The observed historical
warming from HadCRUT is less effective in constraining the GSSSC projections despite a slight reduction in the
projected amplification of the global SSS patterns (Figure 3b). Although the IAP observations also exert a limited
constraint (Figure 3c), the combined use of both HadCRUT and IAP observations leads to temper the projected
ensemble-mean increase in GSSSC and to narrow the late century 5%-95% confidence interval by about 21%
(Figure 3d).

Such a result means that the projected amplification of the global SSS pattern is slightly overestimated by some
CMIP6 models. This conclusion is also found when using a static rather than dynamic ERAS E-P mask (Figure
S10 in Supporting Information S1). Nevertheless, the two polarities of the dynamic GSSSC index do not show a
fully symmetric response after constraint. A stronger narrowing of model uncertainties is found over the £ > P
ocean domain (Figure S11 in Supporting Information S1) than over the £ < P complementary domain (Figure S12
in Supporting Information S1). This is mostly due to the fact that even the sign of the salinity response is model-
dependent over the £ > P domain where the signal to noise ratio in the IAP observations is moreover limited. As a
result, even the posterior distribution does not exclude a decrease in salinity over the E > P subtropical ocean
domain.

4. Discussion and Conclusion

The global water cycle is expected to intensify with increasing GMST, as evidenced by the so-called hydrological
sensitivity (#7) estimated from idealized climate change experiments (Allan et al., 2020; Flidschner et al., 2016).
Yet, this simple metric is based on the scaled global mean precipitation response (~2-3%/°C) and does not tell
much about changes in terrestrial water availability. Despite a robust increase of total precipitable water by around
7%/°C (e.g., Douville et al., 2022), projected changes in P-E patterns cannot be simply interpreted as a “wet gets
wetter, dry gets drier” response (e.g., Byrne & O'Gorman, 2015). Yet, its “FFSS” oceanic counterpart was so far
still considered as a valid paradigm for the overall intensification of the global water cycle (Allan et al., 2020;
Bindoff et al., 2019; Cheng et al., 2020).

By integrating the synoptic and high-frequency variability of E-P fields, SSS changes appear as a suitable proxy
for E-P changes at the ocean basin scale. Early studies have revealed an enhanced salinity contrast between the
freshening Pacific and the increasingly salty Atlantic, which could not be explained by internal climate variability
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Figure 3. Constrained versus unconstrained annual forced changes in (a) global mean surface temperature (GSAT, K) and (b—
d) global sea surface salinity contrast (GSSSC, PSU) derived from 32 CMIP6 models under the SSP5-8.5 high-emission
scenario. Mean (solid lines) and 5%-95% range (shading) of the prior and posterior distributions of the GSAT and GSSSC
response to both natural and anthropogenic radiative forcings from 1850 to 2100 (all anomalies are relative to the 1995-2014
climatology). (a) HadCRUT-only observational constraint on GSAT; (b) HadCRUT-only observational constraint on
GSSSC; (c) IAP-only observational constraint on GSSSC; (d) HadCRUT and Institute of Atmospheric Physics observational
constraints on GSSSC. After the constraint, the 5%-95% interval at the end of the 21st century is reduced by 33.2%, 8.6%,
10.2%, and 21.4% in panel (a—d) respectively. The annual mean observed anomalies are shown as black (gray) filled circles
when they are (not) used for constraining the model response.

(e.g., Terray et al., 2012). Such a growing inter-basin contrast is further supported by the IAP data set (Figure S13
in Supporting Information S1) and a recent multi-model study (Sun & Du, 2022). Other parallel studies, based on
zonal mean and basin-dependent indices, also revealed a human contribution to observed changes in salinity
contrasts (Durack et al., 2012; Pierce et al., 2012). Yet, the link with water cycle intensity may not be a constant
property of the climate system (e.g., Cheng et al., 2020) and may be sensitive to the selected ocean domains.

Our study is based on ad hoc ocean domains, separated by the £ = P isoline, rather than by absolute salinity

thresholds. They however confirm a long-term amplification of the climatological SSS patterns. The relevance of

the selected domains is supported by the high inter-model correlation between the projected E-P changes over the
E > P and E < P respectively (Figure S3b in Supporting Information S1). Yet, the “butterfly pattern” shown in
Figure 2 highlights that the “salty gets saltier” mechanism may not be operating in all models. This feature is also

found in a lower emission scenario (cf. Figure S13 in Supporting Information S1). It highlights the sensitivity of

the FFSS paradigm to the ocean contrast definition and it challenges here the possibility to assess water cycle
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intensity from the SSS contrast, at least for the few CMIP6 models that do not show a strong correspondence
between E-P and SSS changes respectively in Figure 2 (and Figure S14 in Supporting Information S1).

A detailed explanation of the asymmetric salinity response is beyond the scope of the present study. Preliminary
analyses suggest that the 10 CMIP6 models that fully support the FFSS paradigm show a stronger SSS increase
over the tropical Pacific associated with an enhanced salinity dipole over the North Atlantic, compared to the
other CMIP6 models (Figure S15a in Supporting Information S1). Overall, this subset of models also shows a
weaker surface ocean warming, which may dilute the increase in GSSSC through a lower stratification (Zika
et al., 2018). This relative cooling is however not uniform and shows a more symmetric (i.e., less Nifo-like)
tropical Pacific warming (Figure S15b in Supporting Information S1), and thus less divergence (i.e., negative E-P
differences in Figure S15¢ in Supporting Information S1) and more precipitation (Figure S15d in Supporting
Information S1) over the western Pacific. These results may be consistent with a tropical Pacific forcing of a
positive AMOC response via tropical-extratropical teleconnections (Orihuela-Pinto et al., 2023), associated with
a global cooling (Bonnet et al., 2021) and a transient tropical SST pattern (e.g., Andrews et al., 2022).

Beyond the indirect assessment of water cycle intensification, more reliable estimates of salinity changes may
also contribute to a better understanding of the human influence on the ocean system itself. Salinity changes
represent both a potential driver and tracer of the AMOC (e.g., Bonan et al., 2022). In the high latitudes, the
dominant “fresh gets fresher” mechanism tends to enhance the ocean stratification and, thus, the magnitude of the
surface ocean warming (e.g., G. C. Li et al., 2020; Yamaguchi & Suga, 2019). The decrease in upper ocean
salinity projected in the Arctic however remains highly uncertain (e.g., Khosravi et al., 2022). Future studies
should also focus on the projected changes in ocean transport and upper ocean stratification (e.g., Olmedo
et al., 2022) and their possible influence on global SSS contrasts and on the simulated transfer functions between
salinity and E-P changes.

Data Availability Statement

All model outputs from the CMIP6 historical and scenario experiments are freely accessible at https://pcmdi.llnl.
gov/CMIP6/ or at https://esgf-node.llnl.gov/projects/esgf-1Inl/. All salinity datasets listed in Table S1 in Sup-
porting Information S1 and in the reference list are freely accessible, including IAP from G. Li et al. (2023),
Copernicus Climate Change Service (2023), and Copernicus Marine Service (2023). All graphics have been
produced using the R or Matplotlib software freely accessible at https://cran.r-project.org/ and https://matplotlib.
org/ respectively.
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