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% Check for updates Salinity shapes ocean circulation and marine biogeography, yet its

long-term spatiotemporal variability and ecological impacts in marginal
seas remain poorly constrained. We reconstruct a high-resolution sea
surface salinity dataset (2000-2020) for the China Seas using a machine
learning framework that integrates in situ cruises and buoys with satellite
observations and diagnose drivers with an eigen microstates approach.
The EINifio/Southern Oscillation (ENSO) is the dominant control,
modulating evaporation-precipitation, river discharge and Kuroshio
intrusion. During EI Nifio, sea surface salinity increases by up to 25%in
ocean-dominated regions but decreases up to 21% inriver-dominated
zones, amplifying meridional salinity contrasts. Species-distribution
modelsindicate a southward habitat shift up to 2.5° latitude for 90% of key
fish species. Under projected ENSO intensification, salinity inhomogeneity
and associated ecological impacts are likely to strengthen. These results
support an ‘ENSO forcing-salinity—fishery’ positive feedback framework
and call for integrating salinity dynamics into adaptive, climate-informed

fisheries management.

Under accelerating global climate change and subsequent intensifica-
tionof the water cycle, the salinity of the ocean and its spatial patterns
have undergone increasingly pronounced alterations over the past
decades' . Spatially coherent multidecadal increasing (decreasing)
trends have beenreported in evaporation (precipitation)-dominated
regions, described as the Clausius-Clapeyron expectation: “salty get
saltier, fresh get fresher” . This pattern has been attributed to vari-
ousdrivers, including river discharge, precipitation, evaporation, ice
melt and large-scale climate modes such as El Nifio/Southern Oscil-
lation (ENSO)>. Salinity changes can affect the survival, growth and

distribution of marine organisms®’ by disrupting the osmoregulatory
balance, potentially causing physiological stress or even mortality'*",
especially during strong EI Nifio and La Nina'?*. Revealing long-term
spatiotemporal variations and underlying mechanisms of ocean salinity
remains a central focusin climaticand marine ecosystemresearch and
yet a daunting challenge, largely due to limited observational data.
This challenge is especially pronounced in ocean margins, such
as the China Seas, where complex ocean dynamics and multiscale
processes hinder reliable long-term observations™¢. The China
Seas, encompassing the Bohai Sea, the Yellow Sea, the East China
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Fig.1|Spatiotemporal variability of SSS in the China Seas. a-d, Reconstructed
long-term seasonal mean SSS fields from 2000 to 2020 for winter (a), spring

(b), summer (c) and autumn (d). e-h, Interannual variations of key salinity metrics:
averageSSS (e), Spax (F), Smin (8) and SC (h) indices. BS, Bohai Sea; CJR, Changjiang
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River; ECS, East China Sea; PR, Pearl River; PHI, the Philippines; SCS, South China
Sea; VN, Vietnam; YS, Yellow Sea. S,.,,, and S, can track the high (ocean-dominated)
and low (river-dominated) salinity regimes, respectively, and thereby capture
spatially varying influences of Kuroshio intrusion and river discharges.

Sea and the South China Sea, are characterized by highly produc-
tive fisheries, contributing nearly 20% of global fish capture”. The
sea surface salinity (SSS) is highly variable (15-34.5) due to local and
regional processes such as river plumes from the Changjiang and Pearl
Rivers'®, monsoon-driven mixing and upwelling, Kuroshio intrusion
and mesoscale eddies™***. Such complexity presents notable chal-
lenges for both model simulations and satellite retrievals of SSS"
(SupplementaryFig.1) and hindersidentification of key drivers of SSS
variability as well as subsequent assessments of itsimpacts on fisheries.

Here using a newly reconstructed monthly SSS dataset for the
ChinaSeas and adjacent western Pacific (105-130° E, 0-42° N; Fig. 1a)
in 2000-2020, we conceptualize the SSS field as a complex system
marked by high spatiotemporal heterogeneity and nonlinear interac-
tions. Using an eigen microstates approach?’, we identify the dominant
modes and key processes regulating SSS variability in the China Seas.
Under projected ENSO intensification, amplified inhomogeneous
SSS variations may restructure regional fisheries in this ecologically
critical region.

Seasonal and interannual variations of SSSin the
China Seas

Thereconstructed SSS data (see Methods and Supplementary Informa-
tion Sections 1-3 for details of reconstruction procedure and valida-
tion) effectively capture the complex spatiotemporal variability of
SSS across the China Seas, including characteristic seasonal patterns
driven by the East Asianmonsoon and pronounced interannual changes
(Fig.1).

Ontheseasonalscale, the SSS peaksinwinter (an average of 34.04),
whenthe 34 isohaline extends westward to the Vietnam coast (Fig. 1a).
Concurrently, the winter monsoon-driven China Coastal Current trans-
portslow-salinity Changjiang plume water southwardinto the northern
South China Sea and delivers terrestrial nutrients critical for coastal
fisheries®. In spring, the Kuroshio intrusion reduces?, leading to a
contraction of the 34 isohaline and the SSS declines basin-wide except
alongthe southeastern coast of China, where the 32 isohalineretreats
northward (Fig. 1b) due to weakened monsoons and China Coastal
Current'®*, Meanwhile, the Changjiang River discharge increases®,
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pushing the 32 isohaline eastward. During summer, the SSS reaches
its minimum (an average of 33.52) with the 32 isohaline widespread
along the China coast and the 34 isohaline retreating entirely from
the South China Sea and much of the East China Sea (Fig. 1c). The
most pronounced freshening occurs off the Changjiang estuary and
extends northward into the Bohai Sea and the Yellow Sea. Meanwhile,
wind-driven coastal upwelling systems, such as the Vietnam upwelling
(10-15° N, 110-114° E), Qiongdong upwelling (18.5-20.5° N, 111.5° E) and
eastern Guangdong upwelling (23° N, 117° E), are most active, elevat-
ing SSS locally by the outcrop of more saline subsurface waters® and
amplifying the spatial heterogeneity of the SSS with a standard devia-
tion of1.02inthe South China Sea. The fall season marks a transitional
phase, with the 34 isohaline re-intruding the South China Sea (Fig. 1d).

Ontheinterannual scale, the China Seas exhibit complex salinity
dynamics characterized by a non-monotonic trend. Specifically, the
SSS shows a significant decline from 2000 to 2010 (-0.08 + 0.02 dec-
ade™, P<0.01), followed by an accelerating increase after 2010
(0.11+0.03 decade™, P< 0.01; Fig. 1e). These temporal changes of
the mean SSS are coherent with the S, index (r=0.56, P<0.01; see
Methods for S,,,,). The Kuroshio is a primary conduit between the
China Seas and the western Pacific characterized by high salinity***,
soits intrusion is the dominant regulator of S,,,,,. The significant cor-
relation between S, and average SSS implicates Kuroshio intrusion
as the principal driver of decadal-scale SSS variability. On average,
regions contributing to S, cover approximately 66% of the China
Seas, underscoring its relevance as a robust indicator of large-scale
oceanic forcing. The parameter S,,,, remains relatively stable with
time (standard deviation, o = 0.018). However, two notable surges
appear in 2002-2003 and 2015, which coincide with EI Nifio (Fig. 1f),
reflecting periods of intensified Kuroshio intrusion and elevated SSS
in the China Seas®.

By contrast, S,,;, (see Methods for S,,;,) shows greater interannual
variability (0 = 0.041). Notable troughs align with extreme hydrological
events, including widespread flooding during 2003-2004 across east-
ern China”, the catastrophic 2010 floods*® and the 2015 ENSO-driven
precipitation anomalies”, each generating expansive freshwater
plumes (Fig. 1g). A gradual rise in S,;, from 2004 to 2009 coincides
with the completion of the Three Gorges Dam on the Changjiang River®
and its decreasing river discharge’**’. The significant negative cor-
relation between S,;, and the discharge during this period (r=-0.83,
P<0.05, Supplementary Fig. 12) indicates anthropogenic regulation
of S..in, although quantitative differentiation of the effect is not likely
with our data.

The salinity contrast index (SC index; see Methods for SC) quan-
tifies the dynamic tension between high- and low-salinity domains®
and provides a robust measure of hydrological changes®. It exhibits
similarly great fluctuations (o= 0.042) and is strongly correlated with
Smin (r=-0.92, P<0.01), but not significant with S,,.,, (r=0.48, P> 0.5),
indicating thatlow-salinity dynamics predominantly shape nonlinear
SSS gradients in the China Seas (Fig. 1h).

ENSO drives salinity variability in the China Seas
To disentangle the key modes of SSS variability and their underlying
drivers, we applied the eigen microstates approach to the dataset
(Methods). Thefirst threeintrinsic modes, which explain ~32%,12% and
7%, respectively, of the total variance, were retained for further analysis
(Fig.2). Their confidenceintervals based onthe North test do not over-
lap, indicating their statisticalindependence (Supplementary Fig.13).
The first mode shows high temporal consistency (Fig. 2a) and
its time series is significantly correlated with the evaporation minus
precipitation (£ - P) flux (P < 0.05, Fig. 2d), indicating that basin-scale
SSSvariability is primarily controlled by atmospheric freshwater fluxes.
Negative anomalies along the southeastern coast of China, opposite
the basin-scale £ - Pmode, are caused by the winter monsoon-driven
China Coastal Current, which carries low-salinity Changjiang River

plume southward***. The second mode shows lower salinity near
major estuaries (for example, the Changjiang and Pearl River estuar-
ies) and higher values in the ocean basin, reflecting the influence of
summer river plumes (Fig. 2b). Its time seriesis significantly positively
correlated with the total river discharge (Fig. 2e), while negatively with
theannual mean low SSS (SSS < 30, Fig. 2k), confirming the dominance
of river inputs. The third mode is characterized by a band of positive
values extending from the eastern Philippines to the Okinawa Trough
along the outer edge of the East China Sea, closely aligning with the
pathway of the Kuroshio and its intrusions into the South China Sea
and the East China Sea”™ (Fig. 2c). Its time series is significantly cor-
related with the sum of the Kuroshio intrusion velocities into the two
seas (Fig. 2f), confirming that the highly saline water from the Kuroshio
significantly affects the spatial variability of SSSin the China Seas. When
the Kuroshio intrusionintensifies, the third mode increases and the SSS
inthe oceanbasin gets higher (Fig. 2I). Thus, this mode represents the
advection of high-salinity Kuroshio waters into the China Seas.

Together, the E - P flux, river discharge and Kuroshio intrusion
jointly regulate the variability of SSS across the China Seas. The
basin-mean SSS increases with the sum of the three modes (Fig. 2i),
whileintra-annual SSS variability decreases (Fig. 2j). Thisinverserela-
tionship reflects contrasting water mass behaviours: high-salinity oce-
anicwaters tend to be more stable*®, whereas low-salinity coastal waters
aretemporally more variable because of dynamiclocal processes such
asriver plumes and upwelling?. In addition, all three modes and their
dominant processes are significantly correlated with the Nifio 3.4 index
(P<0.05, Fig. 2d-g), suggesting that ENSO modulates SSS variability
inthe China Seas through several pathways.

During EINifio (Nifio 3.4 index of 0.5 °C), central-Pacific warm-
ing reorganizes the Walker Circulation, triggering subsidence and
low-level divergence over the Philippine Sea that initiates the west-
ern North Pacific anomalous anticyclone*?°—a feature sustained
into the following summer®. As observationally validated, the South
China Sea-centred anticyclone suppresses convection, reduces pre-
cipitation and enhances evaporation, thereby elevating £ - Pflux and
salinity®*? (Figs. 3b,c and 4a). Convergent cross-mapping analysis
(Methods) confirms robust causality from ENSO to E - P flux to the
first mode (skill score >0.30, P < 0.05, Extended Data Fig.1a,b). South-
erly winds from the anticyclone transport moisture to the mainland
of China, where convergence and uplift occur upon colliding with
Siberian cold air across southern and eastern China* (Fig. 3a). This
air uplift leads to enhanced precipitation in southern China. The
persisting anticyclone, sustained by developing ENSO conditions®,
maintains southerly flow along southeastern China, driving con-
tinuous precipitation*® (Fig. 3b) and thereby enhancing river dis-
charge, especially for the Changjiang and Pearl Rivers, subsequently
decreasing the SSS in river-dominated regions* (Figs. 3c and 4c).
These precipitation-driven changes regulate the spatial distribution
of SSS, consistent with the spatiotemporal shifts observed in the
second mode. Convergent cross-mapping analysis confirms causal
convergence from ENSO to river discharge to the second mode (skill
score>0.40, P<0.05, Extended DataFig.1d,e). Additionally, the anticy-
clone weakens wind-driven coastal upwelling, such as the Qiongdong,
Vietnam and Luzon upwelling*>*}, which limits the upward transport
of more saline subsurface water, leading to anomalously low SSS in
theseregions* (Fig.3c). North Equatorial Current bifurcation migrates
northward, weakening the Kuroshio, but enhancing its westward
intrusion into the South China Sea***, which offsets the freshening
from weakened upwelling in the intrusion pathway (Figs. 3c and 4e).
Strengthened mid-latitude westerlies enhance the Kuroshio intru-
sion in the East China Sea via a negative wind stress curl*®, thereby
introducing more highly saline waters to the region. Therefore, El
Nifio canlead to anincrease in the SSS in ocean-dominated margins.
Convergent cross-mapping analysis confirms the causal convergence
from ENSO to Kuroshio intrusionin the South China Sea/East China Sea
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Fig.2| The eigen microstates approach reveals dominant drivers of SSS
variability in the China Seas. a-c, Spatial patterns of leading modes: first mode
(a), second mode (b) and third mode (c). d-f, Normalized principal component
time series (PCs, averaged from June of each year to May of the following year)
and the corresponding dominant physical drivers: PC1and evaporation minus
precipitation flux (£ - P) (d), PC2 and river discharge (RD) (e), and PC3 and
Kuroshio intrusion velocities into the South China Sea (KCS) and East China

Sea (KCE) (f). g, Annual Nifio 3.4 index (averaged over June-December). h, The
annual change in the north-south catch differences in total marine fisheries
recorded in China Fisheries Yearbooks (ACCD). i-1, Relationships between annual
mean SSS (i), intra-annual SSS variability (j), annual mean low (SSS < 30) SSS

and normalized PCs (k) and high (SSS > 34) SSS and normalized PCs (1). Positive
ACCD indicates increasing catch difference favouring the north. Since ACCD
shows al-year lag response to the Nifio 3.4 index (Supplementary Fig. 14), ACCD
hereis1-yearlagcorrected. For example, the ACCD value for 2015 represents
the north-south catch difference between 2016 and 2015. Ind-1, **P < 0.01;
**0.01< P<0.05. The Pearson correlation coefficients and P values are provided
in Extended Data Table 1. RD and Kuroshio velocity apparently correlate less
strongly with the basin-scale modes than the basin-wide £ - Pflux, as they

are local/regional processes. These significant correlations suggest an ENSO
forcing-salinity-fishery positive feedback.
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b, Evaporation minus precipitation (£ - P) flux anomaly. ¢, SSS anomalies (filled
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align with surface circulations anomalies (arrows) in the China Seas and western

Pacific.d, Projected increases in the Nifio 3.4 index from 2020 to 2100 under
shared socioeconomic pathways SSP 1-2.6, SSP 2-4.5 and SSP 5-8.5, relative

to the2000-2020 climatological mean, simulated by 39 CMIP6 models. The
bootstrap test at the 95% confidence level indicates that most regionsina-c
show statistically significant results (Supplementary Fig. 15). Details of 39 CMIP6
models are provided in Supplementary Table 8. Allmodels project anincreasein
the Nifio 3.4 index over the coming decades.

tothe third mode (skill score >0.30, P < 0.05, Extended Data Fig. 1g,h).
Thus, EI Nifio drives coastal SSS freshening via river discharge and
basin-wide SSSincreasing through enhanced £ - Pflux/Kuroshiointru-
sion, amplifying spatial salinity contrast, which is consistent with the
Clausius-Clapeyron expectation under global warming®.

On the contrary, during La Nifia (Nifio 3.4 index <-0.5 °C), the
anomalous western North Pacific cyclone over the South China Sea
enhances precipitation, lowering basin-scale SSS**® (Fig. 4b). Mean-
while, the cyclone-driven northerly winds over China reduce precipi-
tation and river discharge, elevating estuarine and coastal salinity*"**
(Fig.4d). The Kuroshiointrusion weakens as aresult of the southward
shift of the North Equatorial Current bifurcation*°, bringing about
less advection of highly saline water (Fig. 4f).

Projections from 39 Coupled Model Intercomparison Project
Phase 6 (CMIP6) models under high emission scenarios suggest that the
Nifio 3.4 indexwill rise by 0.4 °Ct0 0.8 °Cby 2100 (Fig. 3d). Intensified
ENSO s likely to enhance the modulation of £ - Pflux, river discharge
and Kuroshio intrusion, thereby amplifying salinity inhomogeneity
across the China Seas in the coming decades.

Impacts of ENSO-driven salinity variations on
fishery

The SSS anomalies in2000-2020 show a zonal dipole during EI Nifio.
It decreases in most low-SSS regions (SSS < 30) and about 50% of the
high-SSS regions (SSS > 34), while increases in the remaining areas
(Fig. 5). Specifically, it increases with greater temporal fluctuations
in the South China Sea, while decreases in most areas of the northern
ChinaSeas with less temporal fluctuations in most of the Bohai Sea and
the Yellow Sea north of 35° N (Fig. 5a,b).

Thesignificant negative correlation (P < 0.05, Extended Data Fig. 2)
between the Nifio 3.4 index and the annual change in the north-south
catch differences in total marine fishery (ACCD, where the south
includes the South China Seaand the northincludes the East China Sea,
the Yellow Sea and the Bohai Sea) suggests that ENSO regulate fishery
resourcesin China’s coastal waters. For example, ACCD declined during
EINifioin2002,2004,2006 and 2015, but rose during La Nifiain 2005,
2007,2010 and 2017 (Fig. 2g,h). Notably, this correlationis sea surface
temperature-independent (P> 0.5), but links strongly to the first three
SSS modes (precipitation, river discharge and Kuroshio intrusion;
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richness. ¢, Changes in species richness (percentage) during El Nifio years
relative to climatological baselines. d-g, Changes in habitat suitability associated
with SSS anomalies; linear correlation coefficients 0.95 (P=0.001) (d), —0.91

High SSS anomaly

(P=0.001) (e),0.80 (P=0.001) (f)and 0.09 (P=0.653) (). The correlation
analyses in fand g were performed using the suitability changes (n =400)
corresponding to the low- and high-SSS grid cells, respectively, based on a two-
sided t-test. The shaded areas represent 1o uncertainty ranges. Results are based
on the species-distribution model. FJ, Fujian Province; HI, Hainan Island; KP,
Korean Peninsula; ZJ, Zhejiang Province.

P<0.05, Fig. 2), connecting ENSO and salinity to ACCD. Convergent
cross-mapping analysis confirms the causal links from ENSO to salinity
andthento fishery (Extended Data Figs.1and 3).

We thus propose an ENSO forcing-salinity-fishery positive feed-
back hypothesis: the coupling of ocean-atmosphere dynamics during
EINifio, mediated by the Western North Pacific anomalous anticyclone,
generates spatiallyinhomogeneous salinity anomalies through concur-
rentchangesin E - Pflux, river discharge and Kuroshio intrusion, which
induce fish migration and ultimately influence fishery production.
Results from a species-distribution model (Methods) support this
hypothesis. Salinity-induced ecological shifts drive southward relo-
cation of commercial fish habitats (Fig. 6a), consistent with observed
ACCD declines ~1year after EINifo (Fig. 2g,h). Climatologically, species

richness peaks along the China coast from south of the Changjiang
estuary to Hainan Island and around the southern Korean Peninsula
(Fig. 6b). Model results encode species-specific salinity tolerance
and regional responses, showing habitat anomalies during El Nifio
that mirror observed salinity patterns (Extended Data Fig. 4). EINifio
drives overall southward shift of fish habitats and enhances habitat
suitability across much of the China Seas except some areas of the
central South ChinaSea (Fig. 6c and Extended Data Fig. 4), where local
richness declines because intensified salinity anomalies cause habitat
suitability to drop below the survival threshold (Extended Data Fig. 4).
These declines are most pronounced in major coastal upwelling sys-
tems, such as the Vietnam and Luzon upwelling. The weakening of
upwelling during EI Nifio reduces vertical nutrient supply and lowers
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subsurface salinity contributions, exacerbating the decline in fish
biodiversity*** (Fig. 3c). Species richness decreases in the Bohai Sea
and northern Yellow Sea, consistent with the southward shift of com-
mercial fish species (Fig. 6a-c and Extended Data Fig. 4). By contrast,
coastal waters off Zhejiang and Fujian provinces experience increases
inspecies richness (Fig. 6¢c and Extended Data Fig. 4).

Overall, El Nifio-induced salinity variations clearly link to shifts
in marine habitat suitability (Fig. 6d-g). At the ecosystem level, hab-
itat suitability correlates positively with the average SSS anomaly
(Fig. 6d), but negatively with anomaly variability (o of SSS anomaly,
Fig. 6e),as the 31commercial fish species thrive in stable high-salinity
environments (Supplementary Table 9). In river-dominated low-SSS
zones, habitat suitability gradually increases with SSS anomaly when
the anomaly is negative (Fig. 6f), similar to the overall average SSS
anomaly (Fig. 6d). When SSS is close to 30, however, the habitat suit-
ability surges (Fig. 6f). By contrast, in ocean-dominated high-salinity
regions, habitat suitability shows almost symmetric responses to
salinity anomalies: positive for negative anomalies, while negative for
positive anomalies (Fig. 6g). This symmetry arises from the salinity—
nutrient paradox in high-salinity regions: although marine fish species
exhibit physiological preference for saline waters, further increase in
salinity reflects stronger intrusion of oligotrophic open-ocean waters, a
process that simultaneously dilutes bioavailable nutrients. In principle,
the habitat redistribution may arise from three synergistic effects: (1)
species-specific salinity tolerance thresholds, (2) trophic enhance-
ment via riverine nutrients in low-SSS coastal waters and (3) habitat
degradationin high-salinity regions caused by reduced carrying capac-
ity. These effects are observationally and experimentally validated
among 31species (Supplementary Table 9). Consequently, fish species
have to optimize their ecological niches by balancing osmoregula-
tory advantages against trophic constraints, ultimately establishing
population viability thresholds where critical salinity and nutrient
concentrations intersect.

Remarks and implications

Our findings establish the dual roles of ENSO asboth aremote driver and
regional amplifier of SSSinhomogeneity inthe China Seas, highlighting
the complexity of the response of SSS to climate change. This mecha-
nistic understanding complements existing views that emphasize the
role of surface freshwater fluxes (£ - P) inshapinginhomogeneous SSS
in marginal seas. Our analysis further reveals that ENSO-induced SSS
variations drive alatitudinal shiftin fishery production within the China
Seas. For instance, Shandong Province (in the northern China Seas)
reporteda 6% declineinfishery capturerevenuein strong EINifio years
over the past two decades, while Guangdong Province (in the south-
ern China Seas) saw a15% increase’’. CMIP6 climate models project a
40-70% increase in the intensity of extreme ENSO by 2100°* (Fig. 3b).
This could intensify both mean SSS levels and salinity contrast across
theregion according to their significant positive correlations (Fig. 2),
resulting in a projected 15-25% decline in ACCD. These implications
mainly reflect EINifio conditions, with more limited inference regard-
ing LaNifia. Thus, ENSO-driven inhomogeneous salinity patterns and
subsequent fish migration may shift the geographic focus of China’s
fishing industry over the coming decades, potentially reshaping its
spatial and economic landscapes.

Notably, although ENSO-driven inhomogeneous SSS variations
may shift China’s fishery focus southward, this spatial displacement
cannot be equated with reduction of fishery production. Chinese
marine fishery catch increased from 2011 to 2016, peaking during
strong EINifo of 2015-2016°". This increase can be mainly attributed
to intensified fishing effort and salinity (-70% variance explained)
based on generalized additive models®, as well as to enhanced fish
habitat suitability underinhomogeneous salinity variations primarily
driven by ENSO as inferred from the causal tests (Extended Data Figs. 1
and 3). In contrast, such inhomogeneous SSS variations may reduce

habitat suitability of fish in the South China Sea (Fig. 5c), consistent
with sharp catch declines 0of 10-15% in Indonesia and the Philippines
during 2015-2016 EI Nifio". Given that fisheries play critical roles in
the gross domestic products of Indonesia and the Philippines and sup-
portover 25 million livelihoods, ENSO-modulated SSS inhomogeneity
could fundamentally alter marine resource distributions. This may
exacerbate socioeconomic disparities in fishery-dependent regions,
challenging progress towards sustainable development goal 14 (life
below water).

Online content

Any methods, additional references, Nature Portfolio reporting sum-
maries, source data, extended data, supplementary information,
acknowledgements, peer review information; details of author contri-
butions and competinginterests; and statements of dataand code avail-
ability are available at https://doi.org/10.1038/s41558-026-02559-3.
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Methods

Machine learning for SSS reconstruction

We developed a machine learning algorithm that integrates
remote-sensing data with an extensive cruise and buoy-based
observational dataset to reconstruct SSS in the China Seas at a spa-
tial resolution of 0.05° x 0.05° over the period of 2000-2020 with
high accuracy. The reconstruction of SSS was conducted follow-
ing two steps: (1) data processing and (2) model training and test-
ing. In the first step, in situ observational data were gridded into
0.05° x 0.05° boxes at a monthly temporal resolution. Empirical
orthogonal function analysis was used to impose spatial constraints
on the reconstruction. The in situ SSS data and corresponding
remote-sensing-derived data were then portioned into training (85%)
and testing (15%) sets for model development. To ensure adequate
representation of the coastal area in the training data, the South
China Sea and the northern China Seas were divided into two regions
along the 200-m and 50-m isobaths, respectively. Data from each
region were split into training and testing sets with the same ratios
(85%:15%) before being combined to form the final training and test-
ing sets. It should be noted that all data used in model training were
interpolated onto the same spatial grids.

For model development, we chose arobust machine learning algo-
rithm for SSSretrieval. Subsequently, we used hyperparameter meth-
ods (codes from https://github.com/optuna/) to determine the optimal
range of parameters for the training set. Final hyperparameter values
were determined using k-fold cross validation (https://github.com/
suryanktiwari/Linear-Regression-and-K-fold-cross-validation). The
resulting optimized model was applied to the training dataand its pre-
dictive performance was evaluated with the independent testing set.
Various indicators of the accuracy of the model were calculated. The
reconstructed SSS exhibits high accuracy, withamean absolute error of
0.13 and ameanroot meansquare error of 0.22. Allaccuracy-evaluation
metrics are based solely on the independent testing dataset.

Further details of the methods are provided in Supplementary
Information Sections 2 and 3. The figures were created using MATLAB
and Python.

Definitions of S,,,,,, S.., and SC indices

TheS,.,and S, indices represent the normalized, area-weighted mean
ofthe salinity above and below the climatological mean (S,;,,) and were
calculated over dynamically defined domains relative to S;,,. The SC
index, defined asthe normalized difference betweenS,,,, and S,;,, quan-
tifies the contrast between therelatively high- and low-salinity regimes.

Eigen microstates approach

Theapproach extends Gibbs’ ensemble theory from statistical physics
to analyse the dynamics of complex systems® . In this framework, the
state of a complex system at a given time is defined as its microstate,
while the collection of all such microstates over time constitutes the
ensemble of the system. By decomposing this ensemble intoindepend-
ent couplingmodes, referred to as eigen microstates, we obtained aset
of fundamental spatiotemporal coupling relationships that character-
ize thebehaviour of the system.

Each eigen microstate exhibits distinct features and dynamics and
the full system can bereconstructed as alinear superposition of afinite
number of these eigen microstates. Notably, the probability distribu-
tion of the eigen microstates resembles the Boltzmann distribution
foundinequilibrium statistical physics. This distribution can be further
used to quantify the disorder within the system. The approach enables
theidentification of critical behaviours and phase transitions, offering
a powerful approach for understanding the underlying mechanisms
governing complex systems.

The climate system, by nature, operates as anon-equilibrium com-
plex system, often characterized by unknown order parameters and
probability density functions. In this study, we treat the SSS in the China

Seas as a complex system. Over a temporal span of M =254 months,
the temporal average SSS for each grid i (i =1,..., N) was calculated as:

M
(SSS;) = /\14 >785S(t) 1
t=1

Then we calculated the fluctuation of SSS:

SS5; () = SSS(6) — (SSS;) )

Given the spatial heterogeneity, normalized fluctuations prove
advantageous in identifying potential climate modes. The standard
deviation was computed as:

1Y e 2
A3 = 4| = > (S5SSi(0) (3)
M t=1
The state of grid i was normalized as:
SSSi(6) _ SSSi(t) - (SSS»)

5SSS; () = s s )

Atagiventime point¢, the microstate of the system §5SS(¢) can be
represented as:
5SSS,(6)

85SS,(0)

6SSS(¢) = ©)

5SSSw(D)

Taking all states into consideration, the SSS complex system can
be denoted as A, each element of which can be defined as:

8SSS; ()
ASSS = /2 (6)
t SS
' G
where G5 = M x N.By using singular value decomposition, the ensem-
ble matrix can be factorized as:

A=UzVT (7)

whichis an N x M diagonal matrix with elements:

oy, I:_/Sr

le = (8)

- 0, for others

where r=min(N, M) and Uand Vare the obtained eigen microstates and
their evolution with time.

Species-distribution model

Biotic data. At the outset, we obtained a detailed list of 53 fish species
identified for their commercial fisheries from the Food and Agriculture
Organization (FAO) Fishery and Aquaculture Statistics database” in
FAO fishing area 61 that covers our study area.

To develop the habitat suitability model, we compiled a compre-
hensive database by integrating occurrence records for all 53 species.
These records were sourced from two open-access repositories: the
Ocean Biogeographic Information System (http://www.iobis.org/) and
the Global Biodiversity Information Facility (http:/www.gbif.org/).
We standardized the taxonomic names of the species using the World
Register of Marine Species to ensure consistency. Species with fewer
thansix occurrencerecords were excluded, following the approach of
ref.56. Thisrefinement resulted in 31 commercially viable fish species
being selected for further analysis.

Systematic measures were implemented to remove duplicate
records across databases and entries lacking crucial geographic
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information. Additionally, duplicate records within the same grid cell
were carefully excluded from further analysis. The final database of
species occurrence and location consisted of presence-only points.
The number of observed locations for all species considered in this
study is presented in Supplementary Table 10.

Projection of suitable habitats for fish species under current and
El Niflo marine environments. We modelled the habitat suitability
by MAXNET model” implemented on R platform using the Biomod2
package®®. The hyperparameters of models were tuned individually
according to dataset inputs to improve model performance using
a built-in method provided by the modelling software. Each model
for each cultivated species was generated individually, using five
cross-validated iterative runs of four partitions with a maximum of
1,000 pseudo absence background points randomly sampled from a
predefined 4-km buffer area around the occurrence point for each spe-
cies. Thus, 20 runs for each of the four algorithms were generated and
then combined using aconsensus ensemble approach of each algorithm
foreach model. Each run of models was then projected onto currentand
future marine environments independently to estimate a suitability
index or fish habitat suitability on each pixel of species. The results
of the species-distribution model were validated on the basis of area
under the curve method®. The final result was obtained by averaging
allindividual model results on the basis of the criteria of the areaunder
the curve value >0.5. See details of the model settings and validation for
the 31speciesat https://github.com/Elricriven/Salinity-in-China-Seas.

Suitability-weighted latitudinal and longitudinal centroids of habi-
tats of species. Toidentify ageneral trend of the spatial changesin the
suitable habitats of species, we defined latitudinal and longitudinal
centroid of habitat for each stock under non-EINifio and EI Nifio (con-
sideringonly salinity-related parameter variations during EINifio years)
marine environments modified from ref. 60

o Lat,SI,

LatC, =
S XSk

9)
S Lon,SI,
TSk
where Lat,, Lon, and SI, are the latitudinal, longitudinal coordinates

and fish species’ habitat suitability at the centre of pixel x for fish spe-
ciess, respectively.

LonC, = (10)

Convergent cross-mapping analysis

Convergent cross-mapping is a nonlinear causality detection method
specifically designed for complex systems®.. It is a non-parametric
state-space approach to causal inference from observational time
series. It relies on attractor reconstruction (Takens’ theorem®): if vari-
able X causally influences Y'in a deterministic dynamical system, then
the delay-embedded manifold reconstructed from Y (denoted M,)
contains information about X. This approach tests this theorem by
cross-mapping X and quantifying predictive skill-typically the Pearson
correlation between observed X and its cross-mapped estimate (X). A
hallmark of true causationis that this skillincreases and then saturates
as the library size (the number of points used from M,) grows, which
means that it converges. To assess whether the observed convergence
is statistically robust, we performed permutation tests at each library
size,inwhichthe driver time series was randomly shuffled while preserv-
ingthetarget. This procedure generates a null distribution of cross-map
skill (p) values against which the observed p canbe compared. For each
library size, a P value was computed as the probability of permuted p
values greater than or equal to the observed one. A significant causal
signal canbeidentified when (1) pincreases monotonically with library
size, indicating convergence and (2) the observed p at the largest library

size is significantly higher than the surrogate distribution (typically
P<0.05). The dual criteria ensure that we distinguish the genuine causal
influence from spurious correlations driven by autocorrelation or
shared variability.

Data availability

The datasupporting the findings of this study are available via Science
DataBank at https://www.scidb.cn/en/s/fia6)v(ref. 62).Insitu observa-
tional salinity datasource canbe foundin Supplementary Information
Section 1. The ocean current data in and around the China Seas are
available at https://data.marine.copernicus.eu/. The geopotential
height data, 10-m wind speed data and precipitation dataare available
at https://www.psl.noaa.gov/data/gridded/data.ncep.reanalysis2.
html. The river discharge data are available at https://ewds.climate.
copernicus.eu/datasets/cems-glofas-historical?tab=download. The
Nifio 3.4 index data are available at https://psl.noaa.gov/data/correla-
tion/nina34.anom.data. ChinaFisheries Yearbooks can be downloaded
from https://www.zgtjnj.org/. The CMIP6 model data are available at
https://esgf-node.linl.gov/projects/cmip6. FAO data can be found at
https://data.fao.org/. Source data are provided with this paper.
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Extended Data Table 1| The Pearson correlation coefficients and p values for variables in Fig. 2

X Y Pearson correlation coefficient p value
PC1 E-P 0.60 0.004
PC2 River discharge 0.49 0.025
PC3 KCS+KCE 0.43 0.050
Nifio index PC1 0.48 0.029
Nifio index E-P 0.55 0.010
Nifio index PC2 0.68 0.001
Nifio index River discharge 0.55 0.010
Nifio index PC3 073 0.001
Nifio index KCS 0.59 0.004
Nifio index KCE 0.55 0.010
ACCD PC1 0.45 0.044
ACCD PC2 0.52 0.016
ACCD PC3 0.57 0.008
Nifio index ACCD -0.56 0.001
Average SSS Sum of PCs 0.96 0.001
o of SSS Sum of PCs -0.50 0.022
Average low SSS (SSS <30) PC2 -0.49 0.025
Average high SSS (SSS >34) PC3 0.70 0.001
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Extended Data Fig. 1| Causality of the pathways linking ENSO, SSS variability,
and annual change in north-to-south fishery catch differences (ACCD)
revealed by Convergent Cross Mapping. a-c, Causality of the pathway from
ENSO to evaporation minus precipitation (E-P) flux to the E-P-dominated SSS
mode (the first mode) to ACCD. d-f, Causality of the pathway from ENSO to
river discharge to the river-dominated SSS mode (the second mode) to ACCD.
g-i, Causality of the pathway from ENSO to Kuroshio intrusion (KCS/KCE) to

catchdynamics.

the ocean-dominated SSS mode (the third mode) to ACCD. p is the skill score

of Convergent Cross Mapping, which convergence indicates causation, and L
isthelibrarysize. ENSOis represented by the Nifio 3.4 index. In all pathways,
pincreases monotonically and converges significantly (P < 0.05based ona
two-sided bootstrap test with 50,000 resamples), confirming a coherent and
statistically robust causal chain linking ENSO forcing, SSS variability, and fishery
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Extended Data Fig. 2 | Relationship between the Nino 3.4 index and annual change in north-to-south fishery catch differences (ACCD).R*= 0.32,n =21, and
P=0.007 based on a two-sided ¢-test.
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Extended Data Fig. 3| Causation pathways between ENSO, SSS, and total converges significantly (P < 0.05 based on a two-sided bootstrap test with 50,000
fishery catch based on Convergent Cross Mapping. a, The causality pathway resamples), confirming a coherent and statistically robust causal chain linking
from ENSO to SSS. b, The causality pathway from SSS to total fishery catch. ENSO forcing, SSS variability and total fishery catch change.

ENSO is represented by the Nifio 3.4 index. Ina, b, p increases monotonically and
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Extended Data Fig. 4 | Habitat-suitability anomalies for 31 species during EI Nifio events in the China Seas based on the Species Distribution Model. Dots stand for
the suitable areas under climatological conditions (habitat suitability > 0.5).
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