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Abstract 

Water quality degradation in China’s coastal waters poses a significant ecological chal-
lenge, yet the spatially varying predictors of key pollutants remain poorly quantified at 
the national scale. This study employed a Geographically Weighted Random Forest 
(GWRF) model integrating meteorological, marine, and socioeconomic data to analyze the 
associations between potential influencing factors and water quality variations in chemi-
cal oxygen demand (COD), dissolved inorganic nitrogen (DIN), and dissolved inorganic 
phosphorus (DIP) across China’s coastal waters. Results reveal significant spatial hetero-
geneity and clustering patterns, with distinct “High–High” hotspots and “Low–Low” cold 
spots for each indicator. The GWRF model showed modest improvements over traditional 
global models (RF, XGBoost) under spatially structured cross-validation, with significant 
improvement only for COD. COD variations were jointly associated with meteorological 
and marine factors, whereas nutrients (DIN, DIP) showed stronger associations with ma-
rine environments. Spatialized SHAP effects indicated regional specificities: cropland pro-
portion showed positive effects on COD in Bohai Bay but negative effects in eastern Shan-
dong Peninsula; upper ocean heat content and coastal population density emerged as key 
contributing factors for DIN; sea surface salinity was closely linked to DIP distribution 
patterns. These findings provide a systematic quantification of factor contributions at the 
national scale, offering spatially explicit evidence for formulating differentiated pollution 
control strategies for China‘s nearshore waters. 

Keywords: China’s coastal waters; water quality; driving factors; Geographically 
Weighted Random Forest; spatial heterogeneity 
 

1. Introduction 
As pivotal interfaces between land and sea, coastal zones host some of the most con-

centrated populations and economic activities globally. The ecological health of these re-
gions is intrinsically linked to their sustainable development [1,2]. Nevertheless, persis-
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tent discharges of pollutants from industrial, agricultural, and urban sources into coastal 
waters pose significant threats to marine environments [3–6]. In China, chemical oxygen 
demand (COD), dissolved inorganic nitrogen (DIN), and dissolved inorganic phosphorus 
(DIP) are critical parameters for evaluating coastal water quality. Elevated levels of these 
pollutants have led to the degradation of ecological functions in certain marine areas, 
prompting widespread concern among researchers and policymakers [1,7]. Consequently, 
a comprehensive understanding of pollution patterns and their underlying mechanisms 
in China’s coastal waters are essential for formulating effective environmental manage-
ment strategies. 

In response to this need, the academic community has extensively explored the spa-
tial distribution characteristics of water quality in China’s coastal or nearshore areas. 
However, most of these studies have focused on specific local regions, such as individual 
estuaries (e.g., the Yangtze River Estuary and Pearl River Estuary), bays (e.g., Bohai Bay), 
or coastal waters of provinces [5,7–10]. These regional studies generally confirm that wa-
ter quality pollution exhibits significant spatial heterogeneity and identify respective pol-
lution hotspots. For instance, areas with high concentrations of industry and population 
have been repeatedly identified as zones of elevated pollution levels. Although these lo-
calized findings provide valuable case studies, they offer a fragmented and discontinuous 
perspective that fails to reveal the broader, continuous spatial patterns across the entirety 
of China’s coastal zones. Consequently, there remains a lack of empirical research that 
systematically and holistically analyzes the spatial distribution of coastal water pollution 
on the national scale. This absence of a macroscopic perspective limits our ability to grasp 
the overall situation of environmental issues in China’s coastal regions. 

Traditional parametric models, such as multiple linear regression, offer interpretative 
advantages but fall short in handling the inherent high dimensionality and nonlinearity 
of environmental systems [7,11]. As a solution, machine learning models like Random 
Forest (RF) and eXtreme Gradient Boosting (XGBoost), renowned for their robust predic-
tive performance, have rapidly become mainstream analytical tools in environmental 
ecology [9,12,13]. However, these models often operate under a “global” assumption, pos-
iting that the relationships between driving factors and water quality indicators are ho-
mogeneous across the entire study area. This assumption overlooks the fundamental ge-
ographic principle of spatial non-stationarity, which states that the relationships between 
variables can vary with geographical location [7]. Consequently, global models may ob-
scure critical regional characteristics, leading to systematic biases in interpreting driving 
mechanisms. To overcome the limitations of global models, hybrid models that integrate 
geographically weighted concepts with machine learning have emerged. By fitting a local 
model for each observation point in space, these hybrid models theoretically enable the 
capture of spatially heterogeneous effects of driving factors [7,11]. It is important to dis-
tinguish between traditional geographically weighted regression (GWR) and the ma-
chine-learning-based GWRF used in this study. GWR and its multiscale extension 
(MGWR) are parametric methods that assume local linearity; they estimate spatially var-
ying coefficients but require the user to pre-specify functional forms and are sensitive to 
multicollinearity. In contrast, GWRF is a non-parametric approach that inherits the ability 
of random forests to capture complex non-linear relationships and high-order interactions 
among drivers without imposing linearity assumptions. Because the relationships be-
tween water quality and environmental drivers (e.g., temperature effects on algal growth 
and nutrient limitation thresholds) are likely non-linear and context-dependent, GWRF 
may be better suited for this study than GWR or MGWR. Furthermore, our primary goal 
is not to estimate interpretable linear coefficients but to maximize predictive accuracy as 
a foundation for SHAP-based importance analysis and spatial effect mapping. Although 
some studies have preliminarily validated the potential of such models in specific regions, 
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such as individual estuaries or bays [7,14], extending their application to the entirety of 
China’s coastal waters and systematically comparing the driving mechanisms of various 
key pollutants remains an important research gap. 

In view of this, we will develop a Geographically Weighted Random Forest (GWRF) 
model to systematically explore the spatial patterns of water quality pollution and their 
intricate driving mechanisms in China’s coastal waters. Specifically, our research objec-
tives are: (1) to reveal the spatial heterogeneity and clustering characteristics of COD, DIN, 
and DIP across China’s coastal waters; (2) to validate the superiority of the GWRF model 
in handling spatial non-stationarity and compare its performance with traditional global 
machine learning models; and (3) to identify key driving factors and spatially visualize 
their effects using SHAP (SHapley Additive exPlanations) methods combined with geo-
spatial techniques, thereby gaining deeper insights into the complex spatial variations in 
driving mechanisms. Through this study, we aim to understand the driving mechanisms 
and spatial disparities of water quality pollution in China’s coastal waters more compre-
hensively, ultimately offering more targeted references for managing coastal water pollu-
tion and enhancing the efficiency and precision of environmental management strategies. 

2. Materials and Methods 
2.1. Study Area 

China’s coastal waters form part of the western Pacific marginal sea system, spanning 
from temperate to tropical climatic zones and encompassing the Bohai Sea, Yellow Sea, 
East China Sea, and the northern South China Sea (Figure 1). This extensive latitudinal 
gradient, combined with the East Asian monsoon, creates complex hydrodynamic condi-
tions characterized by seasonal variations in northern regions [15] and typhoon dynamics 
in southern areas [16]. Between 2017 and 2024, the 11 coastal provinces, covering approx-
imately 15% of China’s land area, hosted about 45% of the population and contributed an 
average of 53% of national GDP annually (National Bureau of Statistics of China). Major 
rivers (Yangtze, Pearl) and economic hubs (Bohai Rim, Yangtze River Delta) have exacer-
bated organic pollution, hypoxia, and eutrophication in nearshore areas [7,10,15,17]. 

 

Figure 1. Study areas. The red line in the inset map represents the sampling points. 

2.2. Data Collection and Processing 
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2.2.1. Coastal Water Quality 

Water quality data were sourced from the National Marine Environmental Monitor-
ing Center (NMEMC). To clarify the modeling framework, the specific spatio-temporal 
resolutions of the datasets are explicitly defined. Temporally, this study targets monthly 
average variations to capture seasonal dynamics. The dataset comprises 19,369 records 
collected monthly from May 2017 to August 2022 (primarily covering the months of May 
to December each year). Spatially, the modeling focuses on horizontal variability at dis-
crete monitoring stations within the 12-nautical-mile coastal buffer zone across China’s 
offshore coastal waters, including their latitude and longitude coordinates (Figure 1). The 
water quality observations represent surface water conditions, and the corresponding en-
vironmental variables were spatially matched to these specific point locations to capture 
kilometer-scale spatial heterogeneity along the coast. Three key water quality parameters 
were selected as response variables: Chemical Oxygen Demand (COD, mg/L), Dissolved 
Inorganic Nitrogen (DIN, mg/L), and Dissolved Inorganic Phosphorus (DIP, mg/L). These 
three parameters are core routine monitoring indicators in China’s national marine envi-
ronmental monitoring program and are the primary water quality metrics reported in an-
nual government bulletins. Specifically, COD reflects the degree of organic pollution, 
while DIN and DIP are the main nutrients driving eutrophication in coastal waters. This 
dataset has been increasingly utilized in marine environmental studies [15,18]. The fol-
lowing preprocessing steps were applied: (1) records falling within a 12-nautical-mile (ap-
proximately 22.2 km) buffer zone along the coastline were retained. This boundary aligns 
with Chinese territorial sea definition under the United Nations Convention on the Law 
of the Sea (UNCLOS), providing a clear policy-relevant spatial scope (Figure 1); (2) for 
records marked as “below detection limit (<DL)”, we replaced them with values calcu-
lated as DL/(2√2) following Helsel (2005) [19]. Specifically, the proportions of censored 
values in the final dataset were minimal: 0.38% for COD (54 records), 0% for DIN, and 
3.65% for DIP (515 records). Given these low censoring rates (all < 5%), this simple substi-
tution method is robust and introduces negligible bias to the dataset, as supported by 
environmental statistical theory [19]. According to the Chinese national standards for sea-
water quality monitoring (HJ 828-2017 for COD [20]; GB 17378.4-2007 [21] for DIN and 
DIP), the method detection limits are 4 mg/L for COD, 0.01 mg/L for DIN, and 0.003 mg/L 
for DIP. 

2.2.2. Meteorological Conditions 

Meteorological data were sourced from the ERA5 reanalysis dataset provided by the 
European Centre for Medium-Range Weather Forecasts (ECMWF) via the Copernicus Cli-
mate Change Service (CDS) platform. Key meteorological indicators selected as potential 
explanatory variables included: 2-m temperature, total precipitation, mean sea level pres-
sure, 10-m wind components (u and v), surface solar radiation downwards, and relative 
humidity. These variables have been identified as critical factors in previous studies [22–
26]. Relative humidity data were obtained from pressure-level products, while the re-
maining six variables were derived from single-level products. Vector synthesis of the 10-
m wind components was performed to derive wind speed (WS) and wind direction (WD). 
Using the “Extract Multi Values to Points” tool in ArcGIS 10.8 (Esri, Redlands, CA, USA), 
all meteorological variables were extracted to water quality sampling points based on ge-
ographic coordinates and corresponding monthly information, ensuring spatiotemporal 
alignment. 

2.2.3. Marine Environment 

Oceanographic data included sea surface temperature (SST), sea surface salinity 
(SSS), mixed layer depth (MLD), ocean heat content for the upper (OHCU), current speed, 
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and direction, sourced from the ORAS5 global ocean reanalysis [27]. Chlorophyll-a (CHL) 
concentration, representing phytoplankton biomass, was obtained from MODIS monthly 
composite products (NASA). Bathymetric data were sourced from the General Bathymet-
ric Chart of the Oceans (GEBCO) with approximately 500 m resolution [28]. All oceano-
graphic variables were extracted to water quality sampling points using the same ArcGIS 
10.8 procedure. 

2.2.4. Anthropogenic Activities 

To investigate the impact of human activities on coastal water quality, several key 
indicators were selected. Population density data were sourced from the LandScan global 
population dataset (ORNL), and cropland coverage data from the European Space 
Agency’s Climate Change Initiative (ESA CCI) land cover dataset. Using HydroBASINS 
level 7 watershed boundaries, the “Tabulate Intersection” tool in ArcGIS 10.8 was used to 
calculate population density (POP) and cropland area ratio (Rcrop) within each coastal 
terrestrial watershed. Additionally, the distance from each water quality sampling point 
to the nearest river mouth within its corresponding watershed (Dcoastal) was calculated 
to quantify pollutant transport pathways. All data sources, abbreviations, and spatio-tem-
poral resolutions are summarized in Table 1, and the detailed summary statistics for each 
variable are presented in Table 2. 

Table 1. The information of all variables. 

Variable Types Variable Name Code Unit 
Resolution 

(Spatial/Tem-
poral) 

Description and Source 

Response variable 
(Water quality in-

dicators) 

Chemical Oxygen 
Demand COD mg/L 

-/monthly 

National Marine Environmen-
tal Monitoring Center 

(http://www.nmemc.org.cn/)(a
ccessed on 1 October 2025) 

Dissolved Inor-
ganic Nitrogen DIN mg/L 

Dissolved Inor-
ganic Phosphorus DIP mg/L 

Potential explana-
tory variable 

(Air meteorologi-
cal factors) 

Relative air hu-
midity RH % 

0.25°/monthly 

ERA5 monthly averaged data 
on pressure levels 

(https://cds.climate.coperni-
cus.eu/datasets/reanalysis-

era5-pressure-levels-monthly-
means?tab=overview) (ac-
cessed on 1 October 2025) 

Total precipitation TP m 
ECMWF Reanalysis 5th Gener-

ation (ERA5) monthly aver-
aged data on single levels 

(https://cds.climate.coperni-
cus.eu/datasets/reanalysis-
era5-single-levels-monthly-
means?tab=overview) (ac-
cessed on 1 October 2025) 

2 m temperature T2M K 
Mean sea level 

pressure MSLP hPa 

10 m wind speed WS m/s 
10 m wind direc-

tion WD degree 

Surface solar radi-
ation downwards SSRD MJ/m2 

Potential explana-
tory variable 

(Marine environ-
mental factors) 

Mixed layer depth MLD m Ocean Reanalysis System 5 
(ORAS5) global ocean reanaly-

sis monthly data 
(https://cds.climate.coperni-
cus.eu/datasets/reanalysis-

Sea surface salin-
ity SSS PSU 

Ocean heat con-
tent for the upper OHCU GJ/m2 
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Sea surface tem-
perature 

SST °C oras5?tab=overview) (accessed 
on 1 October 2025) 

Flow velocity of 
water 

speed m/s 

The direction of 
water flow 

direction degree 

Chlorophyll CHL mg/m3 

The Operational Mercator 
Ocean biogeochemical global 
ocean analysis and forecast 

system 
(https://data.marine.coperni-
cus.eu/products) (accessed on 

1 October 2025) 
Underwater digi-

tal elevation 
model 

DEM m ~500 m/static 
General Bathymetric Chart of 

the Oceans 
(https://www.gebco.net) 

Potential explana-
tory variable 

(Human factors in 
coastal river ba-

sins) 

Population den-
sity along the 
coastal areas 

POP Pearson/km2 ~1 km/yearly 

ORNL LandScan + Hydro-
BASINS (level 07) 

(https://landscan.ornl.gov; 
https://www.hydrosheds.org) 
(accessed on 1 October 2025) 

The ratio of culti-
vated land in the 
coastal river ba-

sins 

Rcrop % ~300 m/yearly 

ESA CCI + HydroBASINS 
(level 07) (https://cds.cli-
mate.copernicus.eu/da-

tasets/satellite-land-
cover?tab=overview; 

https://www.hy-
drosheds.org/products/hydro-
basins) (accessed on 1 October 

2025) 

The distance from 
the coastline 

Dcoastal m -/static 

HydroBASINA1:F22  
(https://www.hy-

drosheds.org/products/hydro-
basins) (accessed on 1 October 

2025) 

Table 2. Descriptive statistics of water quality and environmental variables. 

Variables Mean Standard Deviation Minimum Maximum 
COD 1.06 0.745 0.03 20.1 
DIN 0.338 0.436 0.002 8.172 
DIP 0.016 0.02 0.001 0.636 
RH 74.804 10.936 0 91.74 
TP 4.323 3.745 0 25.3 

T2M 295.37 5.52 268.90 304.762 
MSLP 1011.461 6.071 1000.995 1027.344 

WS 2.68 1.638 0 11.928 
WD 195.149 117.82 0 359.985 

SSRD 17.604 3.641 7.086  25.293 
MLD 13.828 4.149 0 54.774 
SSS 29.099 5.259 0 34.455 

OHCU 1.528 0.843 0.0386 8.003 
SST 23.12 6.00 0 31.85 
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speed 0.092 0.102 0 0.876 
direction 134.029 96.765 0 359.982 

CHL 1.279 1.863 0 11.349 
DEM −11.755 14.829 −109 193.432 
POP 690.184 568.333 1.463 3619.37 

Rcrop 0.453 0.196 0 0.875 
Dcoastal 5871.04 5246.612 0 19,552.3 

2.3. Statistical Analysis 

2.3.1. Spatial Autocorrelation Analysis 

Before exploring driving mechanisms, we assessed whether water quality indicators 
exhibit spatial dependence. Global Moran’s I was employed to evaluate overall spatial 
clustering [29]: 𝐺𝑙𝑜𝑏𝑎𝑙 𝑀𝑜𝑟𝑎𝑛ᇱ𝑠 𝐼 = 𝑛∑ ∑ 𝑤௜௝௡௝ୀଵ௡௜ୀଵ × ∑ ∑ 𝑤௜௝ሺ𝑥௜ − 𝑥̅ሻ௡௝ୀଵ ൫𝑥௝ − 𝑥̅൯௡௜ୀଵ ∑ ሺ𝑥௜ − 𝑥̅ሻଶ௡௜ୀଵ  (1) 

where n is the number of water quality samples; xi and xj are the observed values of the 
water quality indicator at locations i and j; x is the meaning of all observed values; wij 
represents the spatial weight between locations i and j in the spatial weights’ matrix; the 
Global Moran’s I value ranges is [−1, 1]. 

Local spatial autocorrelation was analyzed using Local Moran’s I to detect local asso-
ciation patterns [29]: 𝐿𝑜𝑐𝑎𝑙 𝑀𝑜𝑟𝑎𝑛ᇱ𝑠 𝐼௜ = ሺ𝑥௜ − 𝑥̅ሻ𝑆ଶ ෍𝑤௜௝൫𝑥௝ − 𝑥̅൯௝ஷ௜  (2) 

where S2 represents the variance of observed values. Results were categorized into four 
spatial association patterns: High–High (high-value observations surrounded by high-
value neighbors, i.e., hotspots); Low–Low (low-value observations surrounded by low-
value neighbors, i.e., coldspots); High–Low (high-value outliers in low-value areas); Low–
High (low-value outliers in high-value areas). Analyses were conducted using the spdep 
package in R 4.5.2 (R Core Team, Vienna, Austria). 

2.3.2. Mantel Test and Multicollinearity Assessment 

The Mantel test was employed as an exploratory tool to assess the overall associations 
between each environmental variable and the three water quality indicator. This non-par-
ametric method assesses correlation between two distance matrices [30]. Two distance 
matrices were constructed: one representing Euclidean distances of water quality indica-
tors between sampling points, and another representing Euclidean distances of each can-
didate environmental driver. The Mantel correlation coefficient (r) was calculated, and 
permutation tests were used to determine significance. This analysis was performed using 
the linkET package in R 4.5.2. To account for the inflated Type I error rate due to multiple 
comparisons, all Mantel test p-values were adjusted using the Benjamini–Hochberg (BH) 
false discovery rate (FDR) procedure at a significance level of q < 0.05 [31]. Additionally, 
we assessed multicollinearity among the candidate predictors using the variance inflation 
factor (VIF) calculated from ordinary least squares regression (Section 2.3.3). Variables 
with VIF > 10 were considered collinear. A stepwise elimination procedure was therefore 
applied, iteratively removing the variable with the highest VIF until all remaining varia-
bles had VIF ≤ 10. 

2.3.3. Random Forest (RF) 



Water 2026, 18, 1682 8 of 24 
 

https://doi.org/10.3390/w18141682 

Random Forest (RF) was introduced to analyze nonlinear impacts of environmental 
drivers on water quality. As an ensemble learning algorithm, RF constructs many decision 
trees and aggregates their predictions, effectively capturing complex variable interactions. 
Its “double randomness” mechanism (bootstrap sampling and random feature selection) 
provides resistance to overfitting [11,13]. RF was combined with SHAP analysis for inter-
pretability. Model construction used the ranger and caret packages in R 4.5.2, with 10-fold 
cross-validation. Hyperparameters: number of trees = 500, minimum node size = 5, and 
mtry = one-third of predictors (rounded down). 

2.3.4. eXtreme Gradient Boosting (XGBoost) 

XGBoost was introduced as a second modeling approach to ensure robustness. Un-
like RF which reduces variance through parallel independent trees, XGBoost minimizes 
bias through sequential iteration, with each new tree fitting residuals of the previous tree 
and incorporates L1/L2 regularization to prevent overfitting [10,13]. Models were imple-
mented using the xgboost and caret packages with 10-fold cross-validation. Hyperparam-
eters: learning rate = 0.1, maximum tree depth = 6, subsample ratio = 0.8, column sampling 
ratio = 0.8. Early stopping was applied after 50 iterations without improvement. 

2.3.5. Geographically Weighted Random Forest (GWRF) 

While global models (RF, XGBoost) can capture overall driving patterns, they assume 
homogeneous relationships across the study area. However, environmental influences on 
water quality often exhibit significant spatial non-stationarity [7,14]. To address this, we 
integrated spatial information directly into the RF framework. For any prediction point, 
the model assigns higher weights to neighboring training samples based on geographical 
proximity. A Gaussian kernel function was employed as the weighting function [11]: 𝑤௜௝ୀ௘௫௣ቂି൫ௗ೔ೕ ௕⁄ ൯మቃ (3) 

where dij is the geographical distance between the i-th prediction point and the j-th train-
ing sample, and b is the bandwidth. The bandwidth determines the degree of locality: too 
small leads to overfitting, too large approximates global RF. In this study, we fixed the 
bandwidth at k = 200 nearest neighbors rather than using a fixed distance, to accommodate 
the uneven spatial distribution of sampling points. The value of k = 200 was chosen based 
on the average spatial density of sampling points to ensure sufficient local samples while 
effectively capturing spatial heterogeneity. For each prediction point, the k nearest neigh-
boring samples were selected, and their spatial weights were calculated using the Gauss-
ian kernel with b set as the maximum distance among the k nearest neighbors. These 
weighted samples were then used to train a local random forest model via the ranger 
package with the case.weights parameter, and the trained model was subsequently ap-
plied to predict the target point. GWRF used the same hyperparameter settings as global 
RF (ntree = 500, mtry = 6, nodesize = 5), and 10-fold spatial block cross-validation was 
employed for evaluation. GWRF was implemented in R 4.5.2 using the ranger, caret, and 
sp packages. 

2.3.6. Model Interpretability Based on SHAP 

To quantify the nonlinear contributions of each environmental driver and demystify 
the “black box” nature of machine learning models, the SHapley Additive exPlanations 
(SHAP) method was employed [32]. Based on Shapley values from cooperative game the-
ory, SHAP calculates the average marginal contribution of a feature across all possible 
feature combinations, providing both global and local interpretability. In this study, 
SHAP values were calculated from the local GWRF model corresponding to each predic-
tion point, with each sample’s SHAP values reflecting feature contributions specific to its 
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local spatial context. Global importance of each driver was ranked using the mean of ab-
solute SHAP values. More importantly, local SHAP values for individual observations 
were mapped geographically to visualize spatially varying effects of key drivers, which is 
essential for understanding spatial non-stationarity in coastal water quality drivers. SHAP 
values are expressed in the same units as the response variable (mg/L for COD, DIN, and 
DIP). 

2.3.7. Model Evaluation 

Model performance was evaluated using the coefficient of determination (R2), root 
mean square error (RMSE) and mean absolute error (MAE). To avoid spatial leakage that 
may arise from random cross-validation in spatially autocorrelated data, we adopted a 
spatial block cross-validation approach. The study area was divided into 36 spatial grids 
of 20 km × 20 km, and all sampling points within each grid were assigned a unique grid 
identifier (NETID). These 36 grids were then evenly allocated into 10 folds, with each fold 
containing 3–4 grids. In each fold, the grids in that fold served as the test set, while the 
remaining nine folds served as the training set, resulting in a 10-fold spatial cross-valida-
tion. This strategy ensures that spatially adjacent samples do not appear in both the train-
ing and test sets simultaneously. The test set of each fold contained 1241 to 1720 samples, 
while the training set contained 12,382 to 12,861 samples. All models (RF, XGBoost, and 
GWRF) were evaluated using the same spatial block cross-validation scheme to ensure 
fair comparison. The technical roadmap of this study is illustrated in Figure 2. 

 

Figure 2. Technical roadmap of this research. 

3. Results 
3.1. Spatial Autocorrelation Characteristics of Water Quality Indicators 

The results of Global Moran’s I analysis indicated that during the period from May 
2017 to August 2022, the three water quality indicators exhibited significant positive spa-
tial autocorrelation at most points (p < 0.05), suggesting a clear clustering pattern in their 
spatial distribution (Figure 3). Among them, DIN showed the most significant and stable 
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spatial autocorrelation, with its Moran’s I values being significant at all observed time 
points (p < 0.05), reaching a maximum of 0.93 in May 2021, indicating extremely strong 
spatial clustering. COD also demonstrated crucial spatial autocorrelation over most peri-
ods, except for two time points in September 2017 and November 2018, where it did not 
pass the significance test (p > 0.05). The spatial autocorrelation of DIP exhibited some var-
iability, showing non-significant or even weak negative autocorrelation in certain months 
(such as September 2017, June 2018, and September 2019), but pivotal positive autocorre-
lation at most other time points. 

 

Figure 3. The line graph shows the distribution of Moran indices of spatial autocorrelation for COD, 
DIN, and DIP over time. Solid dots indicate significant results (p < 0.05); hollow dots indicate non-
significant results. The dashed line indicates the zero reference line, representing no spatial auto-
correlation. 

The Local Moran’s I analysis further elucidated the specific types of clustering and 
their spatial locations. The Local Moran scatterplot demonstrated that data points for the 
three indicators predominantly fell within the High–High and Low–Low quadrants, con-
firming that positive spatial autocorrelation was the predominant pattern (Figure 4). LISA 
cluster analysis vividly illustrates the distinct spatial clustering patterns for each of the 
three indicators, with notable variations in the clustering regions (Figure 5). Specifically, 
the High–High clusters for COD (comprising 28.7% of the data) were mainly concentrated 
along the Yangtze River Delta coastline and in the Bohai Bay area. In contrast, DIN exhib-
ited High–High clusters (27.6%) primarily in the central coastal region. Similarly, DIP’s 
High–High clusters (27.8%) were mostly found in the central coastal zone, though these 
did not extend to the southern part of the Bohai Bay coast. On the other hand, Low–Low 
clusters indicated areas with superior water quality. For COD, Low–Low clusters (52.6%) 
were widespread along the southern coastline. DIN’s Low–Low clusters (62.2%) appeared 
both along the southern coast and at the fringes of the northern coast. Meanwhile, DIP’s 
Low–Low clusters (59.3%) were predominantly observed along the Bohai Bay and the 
Jiaodong Peninsula coastline. Furthermore, the analysis identified Low–High clusters, 
which represented low-value areas surrounded by high-value regions, creating localized 
anomalies or island effects. These Low–High clusters were sporadically distributed across 
the three indicators, typically appearing at the peripheries of hotspots, indicating areas 
where water quality was significantly better than the surrounding polluted regions. These 
findings indicate that the spatial clustering patterns of different water quality parameters 
exhibit marked heterogeneity, reflecting the spatial variability in pollution sources and 
influencing factors. 
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Figure 4. The global Moran scatter plot. 

 

Figure 5. The LISA clustering diagram of COD (a), DIN (b), DIP (c). 

3.2. Identification of Potential Predictors for Water Quality 

The Mantel test revealed significant differences in the breadth and intensity of asso-
ciations for the three water quality indicators (Figure 6). For COD, 9 out of 18 variables 
showed significant positive associations (FDR-adjusted q < 0.01): RH, T2M, MSLP, SSRD, 
SSS, SST, CHL, Rcrop, and Dcoastal. However, all correlation coefficients were below 0.2, 
indicating generally weak associations. For DIN, 7 variables exhibited significant positive 
associations (q < 0.01): TP, MLD, OHCU, SST, speed, direction, and POP, with OHCU 
showing the strongest correlation (r = 0.177). For DIP, 11 variables showed significant pos-
itive associations (q < 0.01): RH, TP, MSLP, WS, MLD, SSS, OHCU, SST, speed, Rcrop, and 
Dcoastal, with RH demonstrating the strongest correlation (r = 0.260). Notably, DIP was 
associated with the most extensive set of environmental factors, whereas COD exhibited 
the most limited set of significant associations. Detailed Mantel test results with FDR-ad-
justed q-values are presented in Figure 4. Furthermore, the maximum VIF among all 18 
predictors was 6.37 (MSLP), well below the conventional threshold of 10 (Table 3), indi-
cating that multicollinearity was not a major concern and all variables were retained for 
subsequent modeling. 
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Figure 6. The result of mantel test. 

Table 3. Variance inflation factor (VIF) values for all candidate predictors. 

Variable VIF 
RH 2.67 
TP 2.6 

T2M 1.19 
MSLP 6.37 

WS 1.55 
WD 2.03 

SSRD 3.47 
MLD 1.81 
SSS 2.4 

OHCU 2.05 
SST 1.62 

speed 1.53 
direction 1.21 

CHL 2.31 
DEM 1.3 
POP 1.38 

Rcrop 1.44 
Dcoastal 1.25 

3.3. Performance Comparison of Machine Learning Models 

The performance of the three machine learning models was evaluated using 10-fold 
spatial block cross-validation, with detailed fold-level results presented in Table 4. Over-
all, GWRF exhibited slightly better average RMSE and MAE than XGBoost and RF for 
most pollutants. However, the improvements were modest and not consistently observed 
across all folds. For COD, GWRF achieved a mean RMSE of 0.6416, compared to 0.6610 
for XGBoost and 0.6372 for RF; for DIN, the mean RMSE values were 0.2850 (GWRF), 
0.2892 (XGBoost), and 0.2873 (RF); for DIP, the values were 0.0166 (GWRF), 0.0166 
(XGBoost), and 0.0163 (RF). To statistically assess these differences, paired t-tests were 
conducted on the fold-level RMSE between GWRF and the two global models (Table 5). 
GWRF showed significantly lower RMSE than XGBoost only for COD (p = 0.018), while 
no significant differences were detected for DIN (p = 0.359) or DIP (p = 0.470). Comparisons 
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between GWRF and RF revealed no significant differences for any pollutant (p > 0.05 for 
all). These results suggest that GWRF does not consistently outperform global models in 
predictive accuracy. 

Table 4. Performance of RF, XGBoost, and GWRF models across 10 spatial cross-validation folds for 
COD, DIN, and DIP. 

Response Fold 
RF XGBoost GWRF 

R2 RMSE MAE R2 RMSE MAE R2 RMSE MAE 
COD 1 0.192 0.687 0.532 0.133 0.711 0.548 0.259 0.658 0.474 
COD 2 0.122 1.208 0.653 0.080 1.237 0.669 0.134 1.200 0.622 
COD 3 0.246 0.409 0.275 0.189 0.424 0.275 0.311 0.391 0.252 
COD 4 −0.053 0.465 0.341 −0.131 0.482 0.360 −0.039 0.462 0.327 
COD 5 0.196 0.764 0.377 0.198 0.763 0.374 0.178 0.772 0.382 
COD 6 0.124 0.491 0.323 0.052 0.511 0.332 0.113 0.494 0.324 
COD 7 −0.011 0.440 0.341 −0.002 0.438 0.333 0.100 0.415 0.302 
COD 8 −0.006 0.544 0.368 −0.518 0.669 0.413 −0.445 0.652 0.380 
COD 9 −1.297 0.846 0.634 −1.218 0.831 0.627 −1.399 0.864 0.638 
COD 10 0.207 0.519 0.364 0.126 0.545 0.378 0.239 0.508 0.352 
DIN 1 0.325 0.528 0.347 0.364 0.513 0.316 0.317 0.531 0.349 
DIN 2 0.339 0.396 0.282 0.388 0.381 0.276 0.648 0.289 0.220 
DIN 3 −0.347 0.179 0.116 −0.141 0.165 0.100 0.003 0.154 0.091 
DIN 4 0.216 0.199 0.129 0.134 0.209 0.132 0.086 0.215 0.124 
DIN 5 0.195 0.241 0.156 0.122 0.251 0.167 0.042 0.262 0.159 
DIN 6 0.141 0.195 0.119 0.092 0.200 0.120 0.082 0.202 0.113 
DIN 7 0.000 0.278 0.133 0.002 0.278 0.127 0.033 0.273 0.105 
DIN 8 0.376 0.225 0.149 0.320 0.235 0.158 0.415 0.218 0.144 
DIN 9 0.528 0.384 0.266 0.468 0.407 0.290 0.475 0.404 0.282 
DIN 10 0.390 0.247 0.143 0.365 0.252 0.143 0.099 0.301 0.163 
DIP 1 0.043 0.023 0.015 0.127 0.022 0.013 0.138 0.022 0.012 
DIP 2 −0.146 0.019 0.015 −0.098 0.019 0.014 0.386 0.014 0.011 
DIP 3 0.105 0.009 0.006 0.060 0.009 0.006 −0.072 0.010 0.006 
DIP 4 0.151 0.023 0.010 0.126 0.024 0.010 0.161 0.023 0.010 
DIP 5 0.150 0.013 0.009 0.062 0.013 0.009 −0.746 0.018 0.011 
DIP 6 0.098 0.022 0.008 0.098 0.022 0.008 0.116 0.022 0.008 
DIP 7 0.059 0.011 0.007 0.073 0.011 0.007 0.043 0.011 0.006 
DIP 8 0.295 0.019 0.012 0.251 0.019 0.012 0.313 0.018 0.011 
DIP 9 0.518 0.012 0.010 0.365 0.014 0.010 0.184 0.016 0.011 
DIP 10 −0.110 0.012 0.008 −0.299 0.013 0.009 −0.009 0.012 0.008 

Table 5. Paired t-test results comparing GWRF with XGBoost and RF across 10 spatial cross-valida-
tion folds based on RMSE. 

Comparison Response Mean_Diff Sd_Diff t_Stat p_Value 
GWRF vs. XGBoost COD −0.0194 0.0249 −2.4541 0.0183 
GWRF vs. XGBoost DIN −0.0042 0.0358 −0.3725 0.3591 
GWRF vs. XGBoost DIP −0.0001 0.0024 −0.0778 0.4699 

GWRF vs. RF COD 0.004 0.039 0.352 0.634 
GWRF vs. RF DIN −0.002 0.042 −0.168 0.435 
GWRF vs. RF DIP 0.0003 0.0028 0.2799 0.6071 
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3.4. Interpretability Analysis of GWRF 

After confirming the superior performance of the GWRF model, we conducted an 
interpretability analysis to uncover the contributions of different categories of driving fac-
tors to water quality variations. We analyzed the specific effects and importance of indi-
vidual drivers on water quality metrics. SHAP effect analysis based on 10-fold cross-vali-
dation (Figure 7) and importance ranking (Figure 8) revealed distinct key drivers for dif-
ferent pollutants. The SHAP analysis revealed distinct importance patterns across the 
three pollutants. For COD, CHL (Mean_Abs = 0.0953) and Rcrop (0.0856) were the two 
dominant predictors, substantially exceeding all other variables, followed by SSS (0.0812). 
Notably, all three variables exhibited negative mean SHAP values, suggesting that higher 
values of these predictors were generally associated with lower COD predictions, though 
their positive maxima (CHL: 2.15, Rcrop: 1.58, SSS: 2.30) indicate that positive effects 
emerged in specific localized regions. For DIN, Rcrop (0.0503) and SSS (0.0501) ranked 
highest, followed by POP (0.0383) and OHCU (0.0373). While Rcrop and POP showed 
negative mean effects (−0.0372 and −0.0178, respectively), OHCU exhibited a small but 
consistent positive mean effect (0.0079), which may be associated with thermal stratifica-
tion in certain areas. For DIP, SSS (0.00237) was the most influential predictor, followed 
by OHCU (0.00183) and Rcrop (0.00154). Overall, the magnitude of SHAP effects for DIP 
was notably smaller than those for COD and DIN (by approximately one order of magni-
tude), suggesting that DIP variations are more weakly associated with individual factors 
and may reflect complex interactions among multiple variables. 

 

Figure 7. GWRF-based SHAP Bee Swarm Plot of Driving Factors for COD (a), DIN (b), and DIP (c). 

To further investigate the spatial heterogeneity of these key driving factors and their 
potential applications in pollution regulation, we evaluated the cumulative contributions 
of different variable combinations to model explanatory power (Figure 8). The results in-
dicated that a small number of core variables could account for most of the model’s pre-
dictive capacity. For COD, the first four variables (CHL, Rcrop, SSS, and POP) collectively 
achieved a cumulative contribution of 86.9%, while the addition of DEM as the fifth vari-
able pushed the cumulative R2 to 93.7%, exceeding the 90% threshold. For DIN, the first 
four variables (Rcrop, SSS, POP, and OHCU) together explained 92.4% of the variance, 
with agricultural activities and marine dynamic processes emerging as key contributing 
factors. In the case of DIP, although individual variable contributions were relatively dis-
persed, the first five variables (SSS, OHCU, CHL, Rcrop, and SSRD) accounted for 87.1%, 
and the inclusion of Dcoastal as the sixth variable reached 96.2%, surpassing the 90% 
threshold. Based on these findings, we identified core variable combinations that cumu-
latively explained over 90% of the variance and performed spatial mapping of key driving 
factor effects (Figure 9) to visually identify hotspots of pollution and their spatial correla-
tions. 
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Figure 8. Variable importance ranking for (a) COD, (b) DIN and (c) DIP obtained from SHAP anal-
ysis of the GWRF. 

The spatial SHAP effects of key factors for COD, DIN, and DIP exhibited significant 
indicator-specific differences in effect direction, spatial aggregation, and magnitude. For 
COD, CHL, Rcrop, SSS, and POP were predominantly negative, with negative propor-
tions from 69% to 78% and mean SHAP values between −0.024 and −0.062. Positive effects 
were primarily concentrated in the Bohai Bay and the Yangtze River Estuary–Hangzhou 
Bay area. CHL showed positive peaks up to 1.19 in the Liaodong Bay and the Yangtze 
River Estuary, while negative effects as low as −0.63 prevailed in the central Yellow Sea 
and the East China Sea shelf. Rcrop exhibited positive effects up to 0.54 in the Bohai Bay 
and the Shandong Peninsula coast, but negative effects down to −0.88 across most other 
regions. SSS displayed positive effects up to 0.75 along the Shandong Peninsula coast, 
contrasting with negative effects as low as −0.84 around the Yangtze River Estuary. POP 
showed positive effects up to 0.78 in the Bohai Bay and the Yangtze River Delta, with 
negative effects down to −0.85 in open shelf waters. DEM was the only variable exhibiting 
predominantly positive effects (73%), with positive values up to 1.07 in shallow waters 
and negative values only appearing in deeper waters of the outer East China Sea shelf and 
the northern South China Sea (as low as −0.37). 
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Figure 9. Spatial SHAP effects of key drivers for COD, DIN, and DIP across China’s coastal waters. 
Panels (a–o) show the spatial distribution of SHAP values for selected predictors, with warm colors 
(orange to dark red) indicating positive effects (increasing the predicted concentration) and cool 
colors (light to dark blue) indicating negative effects (decreasing the predicted concentration). Spe-
cifically, panels (a–e) present the effects for COD of CHL (a), Rcrop (b), SSS (c), POP (d), and DEM 
(e); panels (f–i) present the effects for DIN of Rcrop (f), SSS (g), POP (h), and OHCU (i); and panels 
(j–o) present the effects for DIP of SSS (j), OHCU (k), CHL (l), Rcrop (m), SSRD (n), and Dcoastal 
(o). The spatial heterogeneity of these effects highlights the region-specific driving mechanisms of 
different water quality indicators, providing spatially explicit evidence for differentiated pollution 
control strategies. Abbreviations used in the map: BS is Bohai Sea; YS is Yellow Sea; ES is East China 
Sea; SS is South China Sea; BG is Beibu Gulf. 



Water 2026, 18, 1682 17 of 24 
 

https://doi.org/10.3390/w18141682 

For DIN, Rcrop, SSS, and POP were also predominantly negative, with negative pro-
portions from 72% to 86% and mean SHAP values between −0.019 and −0.039, while 
OHCU showed a slight predominance of positive effects (58%, mean = 0.005). Rcrop ex-
hibited positive effects up to 0.26 in the Bohai Bay and the Shandong Peninsula coast, but 
negative effects down to −0.48 across most other regions. SSS showed positive effects up 
to 0.16 in the Bohai Bay and the Shandong Peninsula coast, with negative effects as low as 
−0.47 in the Yangtze River Estuary. POP displayed positive effects up to 0.29 in the Bohai 
Bay, the Yangtze River Estuary, and the Pearl River Estuary, but negative effects down to 
−0.73 in open shelf waters. In contrast, OHCU exhibited a distinct spatial pattern: positive 
effects up to 0.45 were distributed in the Bohai Sea, Yellow Sea, and northern East China 
Sea, while negative effects appeared in the outer East China Sea shelf and the northern 
South China Sea (as low as −0.30). 

For DIP, all six factors exhibited extremely low effect magnitudes, with mean SHAP 
values from −0.001 to 0.001 and standard deviations below 0.003, approximately one to 
two orders of magnitude lower than those for COD and DIN. SSS, CHL, and Rcrop were 
predominantly negative, with negative proportions from 73% to 79% and means between 
−0.00102 and −0.00071. SSS showed positive effects up to 0.016 in the Bohai Bay and the 
Shandong Peninsula coast, and negative effects as low as −0.019 in the Yangtze River Es-
tuary. CHL exhibited positive effects up to 0.009 in the Bohai Bay and patchy areas of the 
northern South China Sea, with negative effects down to −0.009 across most other regions. 
Rcrop displayed positive effects up to 0.029 in the Bohai Bay and the Shandong Peninsula 
coast, and negative effects as low as −0.025 in the Yangtze River Estuary and Zhejiang 
coastal waters. OHCU and SSRD showed roughly balanced positive and negative effects 
with negligible means (0.00014 and −0.00014, respectively), and their spatial patterns were 
scattered without clear regional aggregation. In stark contrast, Dcoastal was the only fac-
tor showing a clear predominance of positive effects (68%), with positive values up to 
0.044 concentrated in the Yangtze River Estuary, Fujian coastal waters, and the Pearl River 
Estuary, while negative effects only appeared in offshore open waters (as low as −0.016). 

4. Discussion 
4.1. Spatial Heterogeneity and Aggregation Patterns of Coastal Water Quality Pollution 

The findings of this study clearly demonstrate that water quality pollution in China’s 
coastal areas is not randomly distributed but exhibits significant spatial heterogeneity and 
clustering patterns, reflecting the highly non-stationary nature of pollution sources and 
marine environmental processes. From a temporal perspective, COD, DIN, and DIP con-
sistently exhibited strong positive spatial autocorrelation during most periods (Figure 3), 
confirming that clustering effect is a prevalent characteristic of coastal water quality in 
China [13,33–35]. The levels of spatial autocorrelation for these three water quality indi-
cators showed notable fluctuations, indicating the substantial influence of seasonal varia-
tions and episodic events on China’s coastal water systems [33,36–38]. 

Local spatial autocorrelation analysis further delineated the internal variability of 
this clustering effect, with distinct hotspots and coldspots for different pollutants, sug-
gesting the complexity of underlying driving mechanisms. COD’s High–High clusters 
(hotspots) were highly concentrated in the Yangtze River Delta and Bohai Bay regions. 
This pattern aligns closely with the core areas of two major economic zones in China, 
where industrial activities are dense, populations are large, and port operations are fre-
quent, contributing to substantial discharges of industrial and domestic wastewater. 
These pollutants accumulate in estuaries and adjacent waters via major river systems such 
as the Yangtze, Liao, and Hai Rivers, forming pronounced pollution hotspots [39–41]. The 
hotspots for DIN and DIP not only encompassed the Yangtze River Estuary but also ex-
tended towards central coastal areas, indicating potential differences in dominant pollu-
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tion sources. Compared to COD, nutrients (DIN/DIP) have more diverse origins, includ-
ing agricultural runoff and aquaculture effluents, in addition to industrial and domestic 
point-source emissions [42,43]. Central coastal regions in China serve as significant agri-
cultural and aquaculture hubs, which may be associated with their status as nutrient 
hotspots [44,45]. Furthermore, the identification of Low–Low clusters (cold spots) pro-
vides valuable insights into marine environmental protection. For instance, COD’s cold 
spots were widely distributed along the southern coast, while DIN and DIP cold spots 
appeared simultaneously in the southern and northern coastal peripheries. These areas 
exhibited relatively better water quality, possibly due to lower human activity intensity 
[41,46,47] or more favorable hydrodynamic conditions (such as stronger current dilution 
effects) [41,48]. The presence of these ecological oases highlights the association between 
human activities in influencing coastal water quality. 

4.2. The Necessity and Efficacy of GWRF in Modeling Spatially Non-Stationary Relationships 

We used RF and XGBoost as baseline models to evaluate the performance of GWRF 
in our study. Given the significant spatial heterogeneity observed in the study area, which 
contradicts the constant assumption of global models, the introduction of GWRF aimed 
to quantify the improvement in model performance by accounting for spatial non-station-
arity. The GWRF model exhibited modest improvements in fitting the relationships be-
tween the three key water quality indicators (COD, DIN, and DIP) and their drivers rela-
tive to the two global baseline models in terms of prediction accuracy. However, these 
improvements were not consistently observed across all pollutants or all cross-validation 
folds. As reported in Section 3.3, GWRF showed significantly lower RMSE than XGBoost 
only for COD (p = 0.018), with no significant differences detected for DIN or DIP, and no 
significant differences compared to RF for any pollutant. Despite the modest predictive 
gains, the primary value of GWRF lies in its ability to provide spatially localized interpre-
tation through SHAP effects, which is not attainable with global models. This aligns with 
previous studies that have highlighted the value of geographically weighted approaches 
in elucidating spatial heterogeneity in environmental systems [7,14,49]. 

4.3. Interpreting the Spatial Associations of Water Quality Factors 

Our SHAP-based spatial analysis revealed distinct association patterns between en-
vironmental factors and three water quality indicators, with key predictors varying by 
pollutant. COD was associated with both terrestrial inputs and biogeochemical processes, 
whereas DIN and DIP were more strongly associated with marine physical and biogeo-
chemical conditions—consistent with known pollution dynamics in China’s coastal wa-
ters. Studies in the central Bohai Sea found nutrients more strongly associated with inter-
nal processes, such as phytoplankton uptake and sediment–water interface exchanges, ra-
ther than simple terrestrial accumulation [50], consistent with the weaker and more spa-
tially dispersed SHAP patterns we observed for these nutrients. In contrast, COD’s SHAP 
associations reflected a more balanced combination of land-based and marine-related fac-
tors. Specifically, wind speed and precipitation affect terrestrial inputs and mixing pro-
cesses, which together with ocean currents and estuarine transport shape COD’s spatio-
temporal distribution [47,48]. Seasonal COD patterns in the Bohai Sea support this: sum-
mer maxima are linked to terrestrial sources, while winter gradients are attributed to 
ocean circulation [50]. Our spatial SHAP results extend these findings by pinpointing 
where these associations are spatially strongest. 

Differences in association patterns among COD, DIN, and DIP are consistent with 
their distinct roles in coastal water quality. COD, as a comprehensive organic pollution 
indicator, derives from both land-based industrial/domestic wastewater and autochtho-
nous organic matter from phytoplankton production—a dual origin explaining its spatial 
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associations with terrestrial inputs (cropland, population density) and a biological process 
indicator (chlorophyll-a). DIN, directly assimilated by phytoplankton, shows strong asso-
ciations with internal cycling (biological uptake and nitrification–denitrification), account-
ing for its generally weaker SHAP effect magnitudes than Chemical oxygen demand and 
for upper ocean heat content (a physical stratification indicator) emerging as a more prom-
inent correlate. DIP shows extremely weak effect magnitudes, which may reflect its ten-
dency to bind with suspended particles and settle nearshore; its spatial distribution is 
governed more by abiotic processes (physical mixing, adsorption–desorption, sediment 
release) than by biological uptake, making distance to coast the strongest correlate among 
all factors examined. 

The spatially explicit SHAP patterns further resolve regional heterogeneities beyond 
global models. For chemical oxygen demand, the positive cropland proportion association 
in Bohai Bay and the Yangtze River Estuary–Hangzhou Bay aligns with evidence that ag-
ricultural watersheds are major organic matter sources to nearshore waters [50,51]. How-
ever, the negative association in the eastern Shandong Peninsula and the Pearl River Es-
tuary indicates more complex regional specificity. In the eastern Shandong Peninsula, in-
tricate biogeochemical interactions may alter or mask the agricultural signal [52]; in the 
Pearl River Estuary, pollutants may originate more from regional transport than local 
croplands, creating a source–sink mismatch that yields a negative SHAP association [53]. 
Chlorophyll-a showed patchy positive associations in Bohai Bay, the Yangtze River Estu-
ary, and southern Hainan Island—consistent with prior observations of high chlorophyll-
a and primary productivity in Bohai Bay [54] and likely reflecting enhanced nutrient in-
puts that promote phytoplankton growth [55]. 

For DIN, SHAP patterns indicate combined influences of agricultural sources, marine 
physical processes, and anthropogenic emissions. The cropland proportion–DIN associa-
tion resembles that of COD but with markedly reduced magnitude, consistent with agri-
cultural fertilizer runoff as a nitrogen source whose spatial signature is often reshaped by 
marine processes [56]. Upper ocean heat content showed positive associations in the Bohai 
Sea and Hainan Island, consistent with the hypothesis that thermal stratification may in-
hibit vertical mixing and retains nutrients in surface waters [57,58]. Population density 
exhibited positive associations primarily in coastal urban zones, which may reflect spatial 
coincidence of anthropogenic nitrogen emissions and elevated DIN—also observed in Lai-
zhou Bay, where riverine anthropogenic emissions interact with natural factors to shape 
nutrient distributions [41]. 

For DIP, SHAP associations indicate stronger ties to physical and geochemical factors 
than to biological ones. Sea surface salinity–DIP associations shared overlapping positive 
zones with COD but also distinct negative zones, reflecting phosphorus cycling complex-
ity. In estuarine areas, negative salinity–DIP associations typically reflect spatial coupling 
of freshwater discharge and phosphorus inputs; positive associations in coastal waters 
may relate to biological consumption or particle adsorption and sedimentation [59]. Dis-
tance to coast showed the strongest and most spatially coherent positive association with 
DIP, highlighting land–ocean distance as a key distribution factor. Surface downward so-
lar radiation exhibited a weak positive association, consistent with photochemical pro-
cesses that may enhance phosphorus release from sediments [59,60]. 

By spatializing SHAP effects, our analysis moves beyond global model interpreta-
tions to reveal the local spatial structure of factor–response associations. These refined 
spatial patterns provide direct evidence for developing targeted management strategies. 
In hotspot areas where cropland proportion shows positive associations, such as the Bohai 
Bay and the Yangtze River Estuary, agricultural nonpoint source pollution control should 
be prioritized. In coastal urban belts where population density and upper ocean heat con-
tent show notable positive associations, enhanced regulation of point-source emissions 



Water 2026, 18, 1682 20 of 24 
 

https://doi.org/10.3390/w18141682 

and attention to stratification-related nutrient retention may be warranted. In areas where 
chlorophyll-a associations are patchy, management attention should be directed toward 
internal nutrient cycling and eutrophication mitigation. 

4.4. Limitations and Future Research Directions 

Despite the valuable insights gained from this study, there are limitations in both 
methodology and consideration of influencing factors, which point to important direc-
tions for future research. On the methodological front, our study primarily uncovered 
statistical correlations between driving factors and water quality indicators but fell short 
of fully elucidating the underlying causal mechanisms. For example, while the model 
identified a relationship between upper ocean heat content and DIN concentrations, it 
could not confirm thermal stratification as a direct physical pathway. Future research 
should explore integrating machine learning with process-based models or structural 
equation modeling to more comprehensively dissect these complex causal chains. In terms 
of influencing factors, there is room for expanding the scope of our driver set. First, re-
garding temporal resolution, the current data predominantly consists of monthly or an-
nual averages, which are insufficient for capturing the pulse effects of short-term extreme 
events such as typhoons and heavy rainfall on water quality. Future studies should incor-
porate higher-resolution time series data and employ spatiotemporal models to better un-
derstand these dynamic processes. Second, concerning the types of driving factors, our 
study mainly focused on meteorological, marine, and anthropogenic pressures but did 
not fully account for indirect drivers such as socioeconomic policies. For instance, how 
tightening environmental regulations or adjustments in agricultural subsidy policies in-
fluence human behavior and ultimately affect water quality remains an area ripe for ex-
ploration. Incorporating these macro-level factors into models would provide a more ho-
listic understanding of the deeper causes behind water quality changes. 

5. Conclusions 
This study aims to systematically reveal the spatial patterns and complex driving 

mechanisms of water quality in China’s coastal waters. To achieve this, we developed a 
Random Forest model integrated with geographically weighted concepts to dissect the 
spatial non-stationarity of driving factors. The main conclusions are as follows: Firstly, 
water quality pollution in China’s coastal waters exhibits significant spatial heterogeneity 
and clustering effects. COD pollution hotspots are concentrated in industrial and densely 
populated regions such as the Yangtze River Delta and Bohai Bay, while nutrient (DIN, 
DIP) hotspots extend towards central coastal areas where agriculture and aquaculture are 
intensive. This spatial differentiation provides precise targets for region-specific manage-
ment strategies. Secondly, the GWRF model demonstrated modest improvements in pre-
dictive performance over global models (RF and XGBoost) under spatially structured 
cross-validation. Paired t-tests indicated that GWRF showed significantly lower predic-
tion errors than XGBoost only for COD (p = 0.018), while no significant differences were 
detected for DIN or DIP. These results suggest that the primary value of GWRF lies not in 
maximizing predictive accuracy, but in its capacity to reveal spatially varying factor–re-
sponse associations through localized SHAP effects—a capability that global models in-
herently lack. Third, the spatial SHAP analysis identified distinct association patterns 
across the three pollutants. COD showed predominantly negative associations with chlo-
rophyll-a, cropland proportion, sea surface salinity, and population density, with positive 
effects concentrated in the Bohai Bay and the Yangtze River Estuary–Hangzhou Bay area; 
water depth was the only factor exhibiting predominantly positive associations. DIN 
shared similar negative associations with cropland proportion, sea surface salinity, and 
population density, but additionally showed positive associations with upper ocean heat 



Water 2026, 18, 1682 21 of 24 
 

https://doi.org/10.3390/w18141682 

content in the Bohai Sea, Yellow Sea, and northern East China Sea, suggesting that thermal 
stratification may play a role in surface nutrient retention. DIP exhibited extremely weak 
associations with all individual factors, except for distance to coast, which showed the 
strongest and most spatially coherent positive pattern, indicating that proximity to land-
based phosphorus sources is the primary correlate of DIP distribution. Lastly, the spatial 
patterns of SHAP effects consistently converged in the Bohai Bay across all three pollu-
tants, highlighting this semi-enclosed sea as a region where multiple pollutant sources 
converge and are retained due to limited water exchange, resulting in compounded posi-
tive associations across indicators and factors. This spatially explicit evidence supports 
the formulation of differentiated pollution control strategies tailored to the distinct driv-
ing mechanisms operating in different coastal regions of China. 
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