
Article https://doi.org/10.1038/s41467-025-57913-4

Monitoring, modeling, and forecasting long-
term changes in coastal seawater quality due
to climate change

XianghongGuan 1,4, Hua Huang 1,4, Xiong Ke1, Xiaoqian Cheng1, Heng Zhang1,
Acong Chen 1, Guanglei Qiu 1, Haizhen Wu2 & Chaohai Wei 1,3

As climate change affects the physicochemical properties of coastal water, the
resulting element re-exposuremay override the emission reductions achieved
by human pollution control efforts. Here, we conduct an analysis the water
quality-climate effect over eight consecutive years from2015 to 2022 along the
South China coast combined with CMIP6 Scenario Model Intercomparison
Project. Then we utilized a data-drivenmodel to predict the concentrations of
trace metals and nutrients over the next 80 years. It is suggested that the
acidification process carries the risk of triggering the ocean’s buffering
mechanisms. During this alkalinity replenishment process, trace metals, such
as Cd, Cr, Cu, Fe, Hg, Mn, Pb, and Zn, in the sediment are released into the
water phase, along with Ca2+ and Mg2+. Here, the aim of this study is to show
that the nexus of re-exposure-eutrophication-emission reduction with human
activities and climate feedback, cannot be ignored in the pursuit of effective
environmental governance.

The nearshore environment is a theater of high productivity and
diversity, including food supply, nutrient cycling, and organic matter
mineralization. Despite covering less than 8% of the seafloor and less
than 0.5% of the seawater, the coastal zone bears disproportionate
marine primary productivity and becomes one of the most important
carbon sinks on the Earth1–4. However, this crucial water sector is suf-
fering from potential impacts from climate change. Acidification leads
to changes in the phase distribution of trace metals (TMs, Cd, Cr, Cu,
Fe, Hg, Mn, Pb and Zn), affects the functions of electron donors
involved in cell respiration, and disrupts enzymatic reactions5. In
addition, the increase in H+ concentrations caused by ocean acid-
ification alters the chemical formofmetals, thus affecting their toxicity
and bioavailability in seawater6. Eutrophic marine ecosystems may
enhance primary productivity due to warming but weaken ecological
stability7. The excessive inflow of nutrients and TMs affect the ecolo-
gical resilience of the coastal zone. Ecosystems that have their resi-
lienceweakenedwill bemore vulnerable to environmental changes8–10.

After experiencing the period when various countries attached great
importance to governance and passed the period with the largest
emissions, the recycling and redistribution of elements caused by cli-
mate change may gradually replace the direct discharge from human
activities and become a new pollution risk11. We expect future marine
ecology to be exposed to oceans with high water temperatures,
uncertain rainfall fluxes, and acidification atmospheres (a result of the
elevation in the partial pressure of CO2). Due to the lower baseline
concentration, TMs may become sensitive potential risks in response
to changes in marine water quality. The phenomenon of eutrophica-
tion and the alteration in the coupling ratio of nutrient elements has
resulted in the modification of the biogeochemical cycle in coastal
areas. These aforementioned factors can potentially trigger an irre-
versible effect, leading to changes in the quality of coastal water.

Literature statisticsbasedonmeta-analysis12 show that the current
research focus in the field of inshore waters under climate change
primarily revolves around hydrological characteristics, including sea
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level, ocean currents, tides, and environmental indicators. Element
migration encompasses various processes, such as the interaction
between the earth and water, the interaction between gas and water,
and the diffusionof salt and TMs resulting from the confluenceof river
and ocean currents. Sea surface temperature (SST)13, rainfall14,15 and
partial pressure of carbon dioxide (pCO2)

16 are considered to be
influencing factors of these transmission routes:

Sea surface temperature affects the phase distribution of ele-
ments from biological and chemical aspects. In the exchange of the
earth-water interface, the processes of bio-utilization, release, circu-
lation, and remineralization of C, N, P, and S elements lead to the
movement of metal elements into the dissolved phase17. Sea surface
temperature also affects the suspension of metal elements caused by
biological action18. Additionally, changes in sea surface temperature
influence dissolved oxygen levels, altering the redox potential of the
solution as a whole and affecting the hydrophilicity of elemental
compounds. Consequently, these intertwined physical-chemical-
biological effects affect the water/sediment phase equilibrium19.

In the exchange at the air-water interface, atmospheric deposition
is the primary pathway for land-based nutrients, such as N and S20.
Incompatible elements have a larger radius, low melting and boiling
points, such as Hg, Cd, and Pb, also enter the ocean through this
process. With the advancement of society, wet deposition, which
mainly carries nitrate, has become the chief N input pathway to the
coastal areas21. Nitrogen deposition has become one of the factors
behind the coastal eutrophication22. The accounting of mercury’s
cross-media flux shows that, for the modern open ocean, the dry and
wet deposition flux of Hg(II) is 4600mg yr–1, the uptake of Hg(0) is
1700mg yr–1, and the confluence of rivers is 2050–5600mgyr–123,
which reflects that the process of sea-land subsidence is the main
source of marine Hg.

As the concentration of atmospheric carbon dioxide increases,
the acidity of the ocean grows rapidly. During eutrophication, bio-
geochemical feedback further increases the supply of N and P, and if
there is sufficient N input, estuarine and coastal marine ecosystems
can be driven to P limitation. This conversion leads to greater far-field
N pollution, pushing eutrophication over greater distances. The phy-
sical oceanography of coastal systems (degree of stratification, resi-
dence time, etc.) determines their sensitivity to hypoxia24. The metals
in the acid-soluble and reducible fractions migrate in response to the
variation of marine water quality25. The stratification of ocean tem-
perature and density modifies the nutrient transport26. Consequently,
both nutrients and trace metals (TMs) can further influence the open
sea via ocean currents. Due to the difference between terrestrial and
marine water bodies, the input ratio will have a notable impact on the
pH of the aqueous solution. Obviously, the above three factors (sea
surface temperature, atmospheric deposition, and pH) not only affect
the exchange of elements but also respond to climate change, which
will become the model variable to predict the cycle of elements under
climate change.

Although there is sufficient evidence to prove the notable impact
of the physico-chemical properties of seawater solution on the ten-
dency of elemental migration, the combined effect of influencing
factors in future situations is still unknown. It is unclear whether the
tendency of elemental migration in specific areas, under the frame-
work of climate warming, rainfall change, and ocean acidification,
creates new environmental risk points. Therefore, representative
datasets and reliable priormodels are needed tomonitor and simulate
long-term changes in sea areas. This paper focuses on data over eight
years (2015 to 2022) of South China, which located along the South
China Sea, has a coastline of 4114.3 km, the longest coastline in China27.
The region includes the Pearl River, the 18th largest river in the world
with a flow rate of 207 × 109 m3 yr–1, as well as 52 medium-sized rivers
with catchment areas exceeding 1000 km2 and 614 small streams. The
sea area is influenced by the Kuroshio warm current and the coastal

current of the South China Sea. The climate is controlled by several
subsystems, including the Pacific Ocean, Indian Ocean, and Eurasian
Continent. Additionally, it has experienced the impact of the super El
Niño from2015 to 2016 and LaNiña from2020 to 2022. These extreme
global hot and cold events cause significant fluctuations in Sea Surface
Temperature (SST), dry and wet deposition, and surface runoff. As a
result, the variable range of the model becomes wider, which is ben-
eficial to simulate future thermal events. To accurately model these
fluctuations, we intend to establish a ternary receptor model with
background values. This model will consider the influence of three
factors, including sea surface temperature, dry and wet deposition
amount, and pH, on themigration tendencies of different elements. Its
reliability was tested by conducting stability and heterogeneity ana-
lyses using meta-analysis. Moreover, the model was compared with
machine learning methods to evaluate its accuracy. Once a reliable
receptor model had been established, the Climate Model Inter-
comparison Project 6 (CMIP6) version of the CanESM5 model was
employed to predict the future water quality. The long-term con-
centration variation and trend of nutrients and TMs in the coastal zone
for the next 80 years were calculated and discussed based on the
physico-chemical properties of seawater. The data of three variables
output by the experiment ID of SSP3-7.0 were used to fit themeasured
data, and a receptor model was constructed to predict nutrients and
TMs. SSP3-7.0 represents a moderate warming rate close to the actual,
temperatures are projected to rise by 2.7 °C. Simultaneously, the
partial pressureof carbondioxide is expected to increaseby two-thirds
by the end of the century, resulting in significant changes in the
oceanic element cycle. Developing a twin model that accurately
reflects the response of water pollution to changes in water quality
offers an opportunity to quantify the inevitable secondary risks posed
by climate change. It reveals the pollution exposure risks of the
increasingly acidified oceans, especially in the estuarine environment
with high nutrient concentrations and increasing carbon dioxide par-
tial pressures.

Results and discussion
Spatial and temporal variations in datasets
In the case of short-term environmental changes, despite the existence
of large spatial differences, the implementation of environmental
protection policies has stabilized the overall trend of water quality in
the studied area. There are notable differences in the concentration
and dispersion of TMs in the coastal waters of Guangdong Province.
This allows our model’s dependent variables to respond sensitively to
parameters and reflect a wide range of spatiotemporal variations. The
average annual concentrations of nine TMs in the three urban
agglomerations do not exceed the limits of National Recommended
Water Quality Criteria28. This suggests that the surveyed area repre-
sents a typical scenario of the continental shelf seas of the Anthro-
pocene, which have maintained normal ecological functions despite
notable disturbances by human activity. The concentration of TMs
varies greatly among urban agglomerations, influenced by the eco-
nomic and industrial structure, scale of cities, and the unique hydro-
logical environment. Based on the standardized systematic clustering
results of cross sections (Supplementary Table 1) and the local natural
conditions and economic layout of the Guangdong Province, this
paper divides the studied area into three sub-areas. This means that
the fitting process needs to provide three geochemical background
values, including Pearl River Delta (PRD), East Coast, and West Coast.

The per capita Gross Domestic Product (GDP) of the region in
2022 had reached 14,557 USD, which places it at the inflection point of
the environmental Kuznets curve for metal elements. This means that
metal consumption is undergoing a transition from a sharp increase to
a stable trend, and the subsequent pollution activities are being sta-
bilized and improved through cleaner production and terminal
treatment11. Specifically, the concentrations of Cd, Cr(VI), andHg in the
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urban agglomerations of the east and west coasts show an overall
decreasing trend. However, the urban agglomerations of the PRD
exhibit a peak-shaped trend, reaching an inflection point in 2019. One
possible factor contributing to the change inHgdeposition in the Pearl
River Delta region is the reduction in cement production29. Another
notable source of TMs is coal and petroleumcombustion. Attributes to
the addition or upgrade of air pollution control devices for combus-
tion sources in recent years, the capture of TMs has become more
effective30. The contribution of the coal industry is relatively lowdue to
the high removal rate of Pb and Cd.

Meanwhile, total nitrogen (TN) and NH3-N pollution in the core
urban agglomeration of the PRD and along the coast of western
Guangdong Province reached its peak concentration in 2017–2018,
exceeding the local water quality standard limit of 1mgL–1. The overall
five-day biochemical oxygen demand (BOD5) and total phosphorus
(TP) pollution have shown a downward trend. Nitrogen is the main
limiting nutrient in the PRD region, primarily entering coastal waters
through the sea and land. Rivers play a notable role in transporting
nutrients, with freshwater culture contributing a staggering 20% (N)
and 53% (P) of compounds31. In the environment of ocean acidification,
active phosphorus will be released from the sediments into water32,
while eutrophication and weak acid-base buffering capacity will
enhance anthropogenic CO2-induced acidification33. Under strict
controlmeasures, the concentration of nutrients in the surface layer of
the ocean remains stable.

With the continuation of strict environmental protection policies
and the improvement of cleaner production practices, it is evident that
most pollution indicators exhibit a stable or declining trend, as pre-
dicted by the environmental Kuznets curve, that is, the concentration
of pollutants in the regionhas reached itsmaximumvalue.Have efforts
to reduce emissions of TMs and nutrients ensured that these pollu-
tants no longer cause significant pollution events? Still, it is important
to acknowledge that the dissolution and mineralization of TMs and
nutrients is influenced by natural factors such as temperature and

REDOX potential. The alteration of phase partitioning, brought about
by climate change, is a matter that demands our attention. It is crucial
to commence by examining the physico-chemical properties of sea-
water solutions and subsequently forecast the future water quality.

Key factors in the interactions of aqueous solution properties
(ASPs) in the nearshore environment
There are multicollinearity between factors (Fig. 1a), such as the cor-
relation between human activities and CO2 concentration, and the
correlation between SST and eutrophication. This allows us todescribe
the variation of elemental compounds with a small number of factors.
In order to identify themain factors in the complex interaction among
theASPs in the nearshore environment, Principal Component Analysis
(PCA) was carried out. The three components, which correspondingly
are SST, deposition, and pCO2, contributed 28.9%, 15.3%, and 13.9% of
the variance, respectively (Supplementary Table 9). The identification
of the three main components is described in Part C of the Supple-
mentary Information.

The receptor model is constructed based on the following prin-
ciples. (I) Each of the three subareas has a geochemical background
value, which is identified as the initial value of the forecast model. The
geochemical background values have been affected by continuous
human activities in the Anthropocene era, and this disturbance activity
is assumed to be stable. (II) As this is a prediction model for studying
the long-term evolution of concentration, only the macro mechanism
is discussed. The three variables, SST, deposition, and pH, essentially
refer to the exchange between water-biofacies/sedimentary phase,
water-vapor phase, and land-marine input. Although the intermediate
mechanism is very complex, a linear model is used to describe the
effects of these three aspects. (III) The changes in the dependent
variables of the dataset are assumed to follow a normal distribution,
and they are influenced by concentration peaks produced by the three
independent variables. Regression fitting of TMs and nutrient com-
pounds was carried out based on the measured results from 2015 to
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Fig. 1 | The correlation of indicators and the sensitivity of pollutant species to
environmental variables are presented in (a) and (b) respectively. a The cor-
relation of each index to these three variables. Double correlation analysis of key
response factors of climate change and elements in coastal water bodies. Positive
correlations are indicated by purple, while negative correlations by blue. The
intensity or darkness of the color represents the strength of the correlation, with
darker colors signaling a stronger correlation; (b) The feature importance of each

index to these three variables. It depends on the use, chemical properties, and
migration trend of the elements. According to the difference in response to vari-
ables, elements are divided into three categories, in which red represents sea sur-
face temperature (SST)-sensitive elements, blue represents sedimentary-sensitive
elements, and purple represents elements that play multiple roles in the geo-
chemical process.
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2021 and the corresponding variable data. (IV) The values of the three
sections are fitted with their respective geochemical background
values, and the median value of the peak with the largest sample size
should be extracted using the box diagram method.

Here, a decomposition of the total amount of elemental fluctua-
tions (total variance) from the composite factors was achieved, based
on the average of the indicators, and the weights affected by SST,
deposition, and pCO2 were calculated. The results obtained are
represented by a triangle diagram (Fig. 1b). Ingredients can be divided
into three categories based on their different responses to variables. In
the sensitivity analysis, the elementswith sensitivity coefficient greater
than 0.25 are identified as sensitive elements, and they show sensitive
response behavior to specific variables.

(1) Elements sensitive to SST, such as small molecules generated
through respiration and components that require biological activity
intake, including BOD5, chemical oxygen demand (COD), S2–, SO2�

4 ,
and soon.NH3-N andTP are also included, but they are also sensitive to
the acidification process.

(2) As for elements sensitive to rainfall flux, namely Cd, Hg, and
Pb, rainfall is an important way for them to enter the offshore area34.

(3) The elements at the center of the triangle: Fe, Cu, Mn, Zn, etc.,
play multiple roles in geochemical processes. These include: electron
donors (affected by pCO2), nutrients (affected by SST), ligands
(affected by pCO2), as well as acid deposition and weathering and
deposition in the ocean.

The behavior of the three variables (sea surface temperature,
rainfall, and pCO2) in the migration process of TMs depends on the
exchangeof elements between the ocean, atmosphere, sediments, and
rivers. Direct human emissions have such an impact that different
emission sources lead to high-throughput exposure to specific ele-
ments. However, the influence of the change of physical conditions of
the water body is different, and the sensitive response of elements to
specific factors leads to the overall change of the group of elements
with similar chemical properties. As a result, the future ecological
pollution pattern may be reflected in the imbalance of the coupling
ratio of element groups. This means that an unhealthy mix of carbon
sources (used to form carbon in microbial cells and metabolites),
nutrients, TMs, salts, and other component groups can interfere with
the normal biogeochemical cycle.

Discussion on the robustness and accuracy of the model
The reliability test of the model needs to be completed by discussing
the sensitivity and robustness of the variables. Sensitivity analysis is an
effective tool for determining the relationship between two nonlinear
variables. Sensitivity values greater than 0.25 indicate significant
feedback effects. To enhance the robustness and explanatory power of
the indicators, parallel variables were used as controls, including dis-
solved oxygen concentrations, wet and dry deposition, and pH. The
results (Part D of the Supplementary Information) show that the
response sensitivity of other elements to the variables is greater than
0.25. After fitting, except forMn (0.370), Cu (0.369), NH3-N (0.357), S2–

(0.156), and SO2�
4 (0.323), the R2 of other components ranged exceeds

0.450 (Part C of the Supplementary Information), reflecting the low
effect value of components influenced by the model on complex fac-
tors, but the overall convergence was significant (p <0.01). Figure 2
reflects the relationship between measured and simulated values for
different components, simulating the interannual and monthly chan-
ges well.

Machine learningmodels, specifically random forest andXGBoost
models, performbetter than traditional receptormodels in fitting data
sequences. However, for long-term marine environmental change
simulation, the CMIP6 model’s future dataset is required, which can
only be linked to the receptor model. Nonetheless, the machine
learning model can serve as a control group to assess the receptor
model’s reliability and the degree of information loss.

The recognition results of the two machine learning models in
Part D of the Supplementary Information also support SST, rainfall
flux, and pCO2 as the three important variables. Compared to the
random forest and XGboost model, the receptor model shows a weak
fit for sulfides and sulfates. Therefore, the prediction results for these
substances are not discussed in this paper. In terms of fitting R2 for
TMs, the receptor model slightly underperforms the random forest
model for Cd, Cr, Cu, Fe, and Mn. However, the receptor model out-
performs the random forest and XGboostmodel for BOD5 andCOD, as
reflected by higher R2 values. This suggests that the receptor model is
better at accurately describing data when it follows a normal dis-
tribution. When the Mean Squared Error and Mean Absolute Error are
compared, there is no significant difference between the two models.

Long-term changes in TMs
The process of ocean acidification depletes the alkalinity of the water
column and triggers the buffering mechanism of the ocean. This leads
to the exchange of seawater with minerals on the seafloor, which
regulates acidity and alkalinity. Acid dissolution results in a significant
release of Ca2+ and Mg2+ from the sedimentary phase into the water.
However, Ca2+ and Mg2+ are compatible elements with small radii and
low water solubility. Their substitution also occurs in other ions of
elements with similar chemical properties, such as Fe, Mg, Cr, Cu, Zn,
and so on. Based on our estimates (Fig. 3), the concentrations of dis-
solved Cu, Fe, Pb, Cu, Zn and Fe in 2099 will increase by
186.3% ± 90.9%, 58.0% ± 29.9%, 110.0% ± 102.6%, and 107.0% ± 67.3%,
respectively, comparing to 2020. The outcomedepends on the feature
importance of component concentration to pCO2 (Fig. 1b). The dif-
ferences in simulation variables among grids have led to huge dis-
crepancies (Fig. 4). Hg and Cd have a relatively large proportion of
atmospheric sources. The uncertainty of rainfall has resulted in no
significant differences in the simulation results (–4.9% ± 9.0% and
0.3% ± 3.7%). Mn and Cr((VI)) are sensitive to the oxidation-reduction
potential (ORP) of water bodies and involve complex oxidation-
reduction reaction processes. The simulation results show a sig-
nificant decrease (–50.5% ± 46.4% and –16.1% ± 17.4%).The growth
trend appears to be linear, although it may be influenced by other
unexpected factors. It is important to note that our results may
slightly overestimate the actual concentration due to the mutual
control and the constraint mechanism among the components of
natural water bodies. Previous studies have suggested that sulfides
may interfere with the redissolution of TMs in low ORP water in the
future35. However, possibly due to the limitations of the dataset, we
were unable to generalize the constraint relationship between sul-
fides and various TMs (p > 0.05), indicating that we cannot include
the interference of sulfur in the receptor model. In addition, the
presence of concentration levers in ion exchange process needs to
be treated with caution. That is, when alkalinity is released from
sediments to the aqueous phase, TMs with a lower water/sediment
partition coefficient have a higher migration probability. This con-
clusion is derived from observation of the experimental dataset and
cannot be clearly shown in the simulation results. Specifically, the
cations that are deposited are abundant elements, while the relative
concentration fluctuation rate in dissolved TMs is much larger
compared to the Ca2+ and Mg2+.

TMs undergo internal transformations like retention, recycling,
and remineralization, contributing to their biogeochemical cycling.
Biota in the surface ocean retain TMs based on their specific needs and
fate, such as viral lysis, senescence, grazing, or export to depth. Rapid
recycling of TMs in the surface ocean sustains higher metal bioavail-
ability, extending their seasonal productivity17. The compatible ele-
ments (with highermelting and boiling points), such as Fe,Mn, Cu, and
Zn, are primarily complexed with a higher level of COD during winter,
resulting in a higher concentration in the water phase. In spring and
summer, these elements are utilized by organisms through
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phagocytosis or active transport, leading to a decrease in concentra-
tion. In autumn, they are mineralized or recycled into the water
through organism apoptosis. In Fig. 4, the annual ranges (R = Cmax�Cmin

Cavg
)

of Fe, Mn, Cu, and Zn decreased by 40.1% ± 27.1%, 95.1% ± 28.1%,

30.1% ± 73.7%, and 106.0% ± 50.6%, respectively, suggesting a potential
relationship with the decreased efficiency of the metal carbon pump
under the conditions of warming and high partial pressure of carbon
dioxide (pCO2). This phenomenon needs to be further verified by
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Fig. 2 | Trends in simulated results (blue line) andmeasuredvalues (purple line) of the receptormodel (2015− 2022). Error bars represent parallel samplesofmultiple
sampling points. a Represents nutrients, and part (b) represents trace matals (TMs).
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longer-term observational data. For the incompatible elements (with
lower melting and boiling points), the ternary diagram in Fig. 1 shows
the significant differences in Hg and Cd are noticeably influenced by
the rainy and dry seasons. Cr((VI)) is significantly affected by the sea
surface temperature (SST), while the difference in its annual range is
not significant. The unexpected expansion of the annual range of Pb

proves that it may be a sensitive element responding to changes in
water quality.

Declining nitrogen removal performance
By means of the ratio of BOD5 to COD (B/C), the ratio of COD to total
nitrogen (C/N), and the ratio of ammonia to nitrate (NH3/NO

�
3 ), we can

COD (mg L-1) BOD5 (mg L-1) NH3 (mg L-1)
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Fig. 3 | The trend of dissolved phase concentration of some water quality indices in 2015–2099. Error bars represent parallel samples of multiple sampling points.
a Represents the changes in biological elements and their ratios, and (b) represents the TMs.
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evaluate the nitrogen removal performance of a natural or engineered
system35,36. Our simulations found that the B/C ratio exhibits a trend
of oscillating decline, and Monte Carlo simulations found that the
probability of an increase ofmore than 1% and less than –1%was 13.1%
and 35.2%, respectively. The decrease of ORP caused by the decrease
of dissolved oxygen has no significant effect on B/C. The C/N ratio
decreased from 5.22 ± 0.53 in 2020 s to 4.92 ± 0.91 in 2090 s, and the
decrease of carbon sources may interfere with the process of nitro-
gen removal in the ocean. The previous experimental simulation
demonstrated that the compound effect on C/N affects the efficiency
of the biological pump37. In addition, the proportion of NH3/NO

�
3 has

increased by 18.8% ± 4.5%. In the context of continuous ocean
reduction and acidification, the microbially mediated reoxidation
and reduction of nitrogen is inhibited, which not only includes the
decrease of nitrification and denitrification rate, but also may gen-
erate additional greenhouse gas N2O

38. Another eutrophication ele-
ment, phosphorus (in terms of TP), was evaluated, and it was found
that it increased by 61.9% ± 17.3% over 80 years, again indicating a

continuing decline in the coastal capacity to remove nitrogen and
phosphorus.

Although some mechanistic and kinetic models link aspects of
elemental cycling behavior to physical conditions, considerable
uncertainty remains about the physical mechanisms, driving such
changes on decadal to centennial scales. In particular, the effect of
hydrological changes caused by climate change on the behavior of
TMs has not been taken into account in our model. The current lack of
adequately resolved and well-distributed marine proxy data for high
temperature and high CO2 scenarios prevents rigorous testing of the
main factors that modulate element cycling. More advanced machine
learning models cannot be applied to future simulations. Additional
work is required to establish the boundary conditions and possible
mechanisms (for example, the inflection point of nonlinear change of
TMs in the acidificationprocess). However, we are able to get a glimpse
of the dramatic changes in the cycle of elements brought about by
changes in the physical environment.We are able to further analyze
and foresee the significant changes in element cycles brought about by
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physical environmental changes within a regional dataset. In the con-
text of hypoxia and acidification, the changes in the valence bonds and
ion binding modes of trace metals (TMs) will lead to irreversible
changes in their phase partition coefficients. The nitrification reaction
caused by eutrophication consumes the alkalinity of the water body
and enhances the above effect. The increase in the exposure of metal
elements in the nearshore aqueous phase is comprehensive and irre-
versible.Marine organismsmay have to survive in anenvironmentwith
high concentrations of electron donors, low carbon sources, and high
nutrient loads. Their growth will be affected by elevated sea tem-
peratures, and the ecological value and sink capacity of the ocean will
be irreversibly weakened.

Methods
The supporting content and data for the following four sub-items can
be found in Part A, Part B, Part C, and Part D of the Supplementary
Information.

Datasets on concentrations and solution conditions of ele-
mental compounds
The pollution records of sea-entry rivers from 41 water quality mon-
itoring stations in the coastal city cluster of Guangdong Province,
South China, for the period 2015 − 2022 were collected (Supplemen-
tary Fig. 1 with the coordinates provided in Supplementary Table 1),
and obtained from the information disclosure platform of the
department of ecology and environment of Guangdong Province39.
The data selection process involved 2549 existing samples, which
geographically covered the monitoring sections of the main rivers
entering the sea in the province. In terms of time, due to the significant
seasonal differences in nutrients and TMs, the sampling frequencywas
one month. Each dataset included water quality parameters such as
pH, electrical conductivity, and DO, the concentrations of TMs like Cd,
Cr(VI), Cu, Hg, Fe, Mn, Pb, and Zn, and the concentrations of non-
metallic pollutants such as COD, BOD5, NH3-N, TN, and TP. The effec-
tive sample number (Supplementary Table 2) and frequency distribu-
tion (Supplementary Fig. 2) of each index are provided. Data on the
administrative divisions and river systems of Guangdong Province,
Hong Kong SAR, and Macao SAR were obtained from the geographic
data publicly released by the Ministry of Natural Resources of China
(https://www.webmap.cn/main.do?method=index).

Aqueous solution properties (ASPs) data set for modeling
CMIP6 is a project initiated under the World Climate Research Pro-
gram to compare coupled models and enhance our understanding of
the Earth’s climate system40. Its goal is to promotemodel development
and facilitate scientific research by openly providing multi-model
output in a standardized format. Here we use ScenarioMIP simulations
from the Earth System model CanESM5. The model has a spatial
resolution of 1 degrees latitude by 1 degrees longitude, and we use the
monthly output from the “r1i1p1f1. The climate change model is set as
ssp3-7.0. To extract data from the model from 2015‒2099, R-based
ncdf4 and raster toolkits were used. The variables include sea surface
temperature, rainfall flux, and abiotic surface aqueous partial pressure
of CO2 (pCO2). By using a receptor model and machine learning
techniques, the changes in nutrients and TMs levels in the water area
over the next 85 years were simulated and predicted. By analyzing the
extracted variables, the trend of monthly change in the concentration
of nutrients andTMsby the endof this century couldbeprojected. The
parameters and output results of the model can be found in the
“Source Data File”.

Establishment of prediction model
To identify the main factors involved in the complex interaction
betweenASPs in the inshore environment, PCAwas conducted. Before
reducing the data dimensionality, the Kaiser-Meyer-Olkin (KMO)

sampling adequacy measure and Bartlett sphericity test were per-
formed to detect correlations and partial correlations between vari-
ables, as well as to determine their independence. After testing, the
KMO test coefficient was found to be greater than 0.5, and the sig-
nificance probability of Bartlett’s test (p) was found to be less than
0.05, indicating that PCAwas suitable for conducting factor analysis on
the dataset.

The behavior of pollutants in the nearshore environment is highly
uncertain. Through PCA, data dimensionality can be reduced, which
facilitates the identification of potential correlations or clusters among
variableswithin the entire system, and thedeterminationof key factors
involved in the regression process of elements within this complex
system. In the PCA, such tracers were selected that exhibited a strong
positive or negative correlationwith a single component (load > 0.8 or
<–0.8), while not demonstrating a significant correlation with other
component variables. In order to provide a more specific representa-
tion of solution properties, priority was given to physicochemical
indices as tracer dimensions over concentration indices.

The tracer obtained from the above stepswill be used as a variable
in the receptor model. The number of variables depends on the
number of principal components that explain the variance. In order to
prevent over-fitting, the simplicity and efficiency of the model are
improved.When the total varianceof interpretation is greater than0.6,
the analysis of components is stopped. The tracer obtained is com-
bined with the background value into a polynomial that describes the
real-time concentrations of various components of the water body.
The specific formula is as follows:

Concentration½ �= Af g× Tracer1
� �

+ Bf g× Tracer2
� �

+ Cf g× Tracer3
� �

+ Background
� � ð1Þ

All variables in the above formula are unified as mg L–1.

Validation of predictive models
Meta-analysis was conducted to determine the applicability of the
dataset to the scenario discussed in this study. On one hand, the
dataset should reflect regional spatiotemporal differences and avoid
accidental coincidences resulting from randomsampling.On the other
hand, publication bias can significantly skew the final results of the
dataset analysis, so it is necessary to implement a recognition program
to eliminate any offset values. These two tests restrict the distribution
range of the dataset, considering both dispersion and convergence,
and heterogeneity and bias can be assessed using forest plots and
funnel plots, respectively.

Heterogeneity and bias were assessed using the Meta package in
theR language. Initially, the datasetwas exported to aCSV file, with the
concentration data assigned to the experimental group and the aver-
age to the control group. Subsequently, the Meta package was exe-
cuted in R 4.3.0, and the experimental outcomes were generated
following the instructions for forest and funnel plots. The forest plot
output included the measurement of heterogeneity through I2. If I2

exceeded 50%, it indicated strongheterogeneity, implying a significant
difference. Additionally, a p value below 0.01 denoted that the test of
heterogeneity fell within a 99% confidence interval. The funnel plot
was used to detect sample bias, with excessive or insufficient odds
ratios suggesting biased samples. In other words, samples falling
outside the inverted triangle were deemed biased. In contrast to other
studies that focused on single effects throughmeta-analysis, our study
aimed to obtain a dataset encompassing complex effects. This entailed
eliminating biased data from the sample set while demonstrating
heterogeneity in the forest plot.

Validation of the sensitivity and robustness of the variables is a
necessary factor for the reliability of the receptor model. The sensitive
factor and root-mean-square algorithm were used in the sensitivity
analysis in this study, which can evaluate the influence of parameters
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on the model output, as expressed in formula 2.

δj =

ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
1
n

Xn
j= 1

Δyjxj
Δxjyj

 !2
vuut ð2Þ

Where δj is the root-mean-square sensitivity coefficient; vector yj (j = 1,
2,…, n) are the output variables; the vector xj (j = 1, 2,…, n) represents
the corresponding input variables, namely, the model parameters,
with 10% of their initial value modified in each analysis; and n is the
number of output variables.

To evaluate the robustness, the variable substitution method
is adopted, that is, the independent variable in the formula is
replaced with another strongly correlated indicator. If the R2 of the
linear fitting consequence does not decrease significantly, it indi-
cates that the variable is robust. All datasets will be utilized as
fitting data for the receptor model, and the prediction accuracy of
the model will be assessed. Additionally, the relative deviation
between the model values and the fitting values will be evaluated.
Owing to the guidance of the PCA and the scientific establishment
of the background value (initial field), the receptor model is able to
explain a significant portion of the numerical variation. It can also
evaluate the weight of the influencing factors simply and straight-
forwardly, leading to mechanistic conclusions. To evaluate and
improve the predictive capability of receptor models, two models,
XGBoost and RandomForest, were introduced to enhance linear
regression.

XGBoost is a gradient-boosting algorithm that utilizes reg-
ularization, feature splitting, and parallel computation to enhance
the model’s generalization capability and mitigate the risk of
overfitting. RandomForest, on the other hand, is an ensemble
learning method comprising multiple decision trees. Each decision
tree is trained on a randomly chosen subset of features, and the
predictions are made using techniques like voting or averaging.
These two models, XGBoost and RandomForest, will be employed
to refine and enhance the receptor model by leveraging their
improved regression fitting abilities. The accuracy of the afore-
mentioned approach will serve as a control group for evaluating the
model’s prediction accuracy.

Data availability
All data used in this study are freely available online. TMs and nutrients
datasets from http://gdee.gd.gov.cn/gkmlpt/index. The CMIP6 model
simulations are from https://esgf-node.llnl.gov/search/cmip6/. None
of them requires account login. The prediction data generated in this
study can be found in Supplementary Information Part B. This part is
also stored on figshare(https://doi.org/10.6084/m9.figshare.
28282469)41. Source data are provided with this paper.

Code availability
Source code for an efficient implementation of the proposed proce-
dure is available at figshare(https://doi.org/10.6084/m9.figshare.
28452593)42.
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