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Abstract 

The pronounced spatial heterogeneity of soil heavy metals, coupled with the high costs 

and intensive resource requirements associated with large-scale sampling, presents sub-

stantial challenges for accurate spatial prediction and risk assessment. Although conven-

tional machine learning methods demonstrate strong predictive capabilities, they often 

struggle to simultaneously address spatial non-stationarity, complex nonlinear relation-

ships, and limited model interpretability. By integrating multi-source datasets with mul-

tiple machine learning models, SHAP analysis, Monte Carlo simulations, and bivariate 

Moran’s I analysis, this study developed an integrated and interpretable framework for 

spatial prediction and risk assessment. The results revealed that (1) the proposed frame-

work achieved high predictive accuracy, with coefficients of determination (R2) exceeding 

0.80 for arsenic (As), cadmium (Cd), copper (Cu), lead (Pb), chromium (Cr), and zinc (Zn). 

Climatic conditions and soil properties were identified as the dominant factors controlling 

the spatial distributions of heavy metals; (2) As and Cr were identified as the major con-

tributors to carcinogenic risks, whereas children exhibited higher overall health risks than 

adults throughout the study area; (3) spatial hotspot analysis revealed significant heavy 

metal pollution hotspots in Gongzhuling City, northern Yitong County, and Dongliao 

County. This study provides new insights into soil heavy metal exposure and risk assess-

ment, offering scientific support for targeted environmental management and pollution 

prevention strategies. 
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1. Introduction 

Soil underpins the production of approximately 95% of all food consumed by hu-

manity [1]. Globally, an estimated 14–17% of agricultural topsoil exceeds the alert thresh-

old for at least one toxic metal [2]. Over the past decade, between 38.2% and 84.1% of 

agricultural soils distributed across 93 cities within 30 provinces of China have exceeded 

permissible limits for eight heavy metals, including arsenic, mercury, and copper. With 

the rapid industrialisation and urbanisation in China, heavy metal enrichment in domes-

tic soils has intensified markedly [3,4]. Owing to their toxicity and bioaccumulation, these 

elements significantly affect agriculture, ecological stability, and human health [5]. Alt-

hough China has implemented comprehensive measures to mitigate heavy metal pollu-

tion—such as improving emission control systems, optimising industrial structures, 

strengthening regulatory oversight, and advancing pollution remediation [6–8] —heavy 

metal contamination remains a significant environmental challenge [9]. 

Current approaches for spatial prediction of soil heavy metals primarily include spa-

tial modelling techniques and conventional machine learning algorithms, such as random 

forests (RFs) and support vector machines (SVMs) [10–13]. Although widely used in soil 

contamination research to enhance spatial predictive accuracy, many approaches fail to 

consider the spatial heterogeneity of heavy metals [14]. Geographically weighted regres-

sion (GWR) can capture spatial non-stationarity and reduce model errors caused by spa-

tial heterogeneity. Nevertheless, their inherent black-box nature results in limited inter-

pretability, reduced transparency, and challenges in generalisation [15]. The emergence 

of explainable artificial intelligence (XAI) techniques, exemplified by the Shapley Additive 

exPlanations (SHAP), has enabled quantitative analysis of feature contributions within 

machine learning models. These methods elucidate how input variables shape model be-

haviour, thereby improving transparency and supporting practical implementation and 

management [16]. 

Regression models such as GWR explicitly incorporate spatial effects, thereby im-

proving the explanation of spatial variability and uncovering underlying distributional 

patterns [17]. Meanwhile, the eXtreme Gradient Boosting (XGBoost) model adopts a gra-

dient boosting strategy that iteratively corrects residuals through multiple rounds of 

learning. Compared with the parallel ensemble structure of traditional models such as RF, 

it is more capable of capturing complex nonlinear relationships and achieves higher pre-

dictive accuracy for soil heavy metal data characterized by strong nonlinearity and inter-

actions. The proposed framework enables robust predictive models to capture spatial het-

erogeneity and nonlinear complexities, yielding more precise estimates. 

This study developed an integrated framework for identifying and managing soil 

heavy metal hotspots (Figure S1). Specifically, the proposed framework consists of the 

following components: (1) Integrate multi-source datasets, including field-sampled data, 

environmental covariates, and spatial covariates. (2) Develop a hybrid GWR-XGBoost 

model coupled with SHAP analysis to enhance model transparency and interpretability. 

(3) Analyze the spatial distribution patterns and driving factors of soil heavy metal con-

tamination. (4) Conduct risk assessment and hotspot identification based on the predicted 

spatial distribution of soil heavy metals. This study establishes a conceptual framework 

for the spatial prediction and assessment of heavy metal contamination, providing new 

insights into environmental pollution prevention, control, and management. 

2. Materials and Methods 

2.1. Study Area 

The Liaohe River Basin of Jilin Province is located in southwestern Jilin Province and 

encompasses Gongzhuling City, as well as parts of Siping and Liaoyuan. The basin is an 

https://doi.org/10.3390/agriculture16212416


Agriculture 2026, 16, 2416 3 of 21 
 

https://doi.org/10.3390/agriculture16212416 

important grain-producing region at both the national and provincial levels and a major 

centre for animal husbandry in Jilin Province. Cropland is the dominant land-use type in 

the basin, and agriculture plays a substantial role in the regional economy. Maize and 

other grain crops are widely cultivated, while livestock farming constitutes another major 

agricultural activity in the region. The basin also hosts industrial activities, including ag-

ricultural product processing, chemical manufacturing and automotive component pro-

duction. Although these industries contribute to regional economic development, they 

add complexity to environmental management within the basin. 

With the intensification of agricultural production and economic activities, some ar-

eas face environmental challenges, including agricultural non-point source pollution, in-

adequate collection and treatment of livestock manure, and industrial wastewater dis-

charge. Fertilizer and pesticide application, agricultural drainage, and surface runoff can 

facilitate the transport of pollutants into surrounding environments and contribute to 

their accumulation. Industrial activities, domestic wastewater generation, and livestock 

farming may also contribute to localized environmental pressures. In this context, indus-

trial emissions and atmospheric deposition, contaminated irrigation water, and certain 

agricultural inputs represent potential sources of heavy metals entering agricultural soils. 

2.2. Data Collection 

2.2.1. Sample Collection 

The Liaohe River Basin of Jilin Province is located in the upper reaches of the Liaohe 

River Basin. The surficial geology is characterized by alluvial deposits and diluvial loess-

like clay, underlain by sand and gravel, with Cretaceous strata at depth. The basin is pre-

dominantly covered by unconsolidated sediments, with bedrock exposed only in local-

ized areas. The main soil types in the region include black soils, chernozems and meadow 

soils. The basin is characterized by a semi-humid, temperate monsoon climate, with four 

distinct seasons. Spring is generally dry and windy, whereas summer is warm and humid, 

with most precipitation occurring during this season. Mean annual precipitation is 545 

mm, compared with a mean annual evaporation of 1020 mm. 

A systematic sampling strategy was designed to collect agricultural soil samples 

across the Liaohe River Basin in Jilin Province, China (Figure 1). Representative maize 

field sites were selected along the basin from upstream to downstream to characterize 

regional patterns of soil heavy metal pollution. Eighty-two soil specimens were obtained 

using a five-point sampling design, with three replicates per location. Topsoil (0–20 cm) 

was collected with stainless steel shovels and sealed in polyethylene bags. Cr, Cu, Zn, and 

Pb concentrations were determined by flame atomic absorption spectrophotometry (HJ 

491-2019). Concentrations were determined after microwave digestion (HJ 680-2013), 

whereas Cd concentrations were analysed using graphite furnace atomic absorption spec-

trophotometry (GB/T 17141-1997). 
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Figure 1. Schematic diagram of sampling points and three representative covariates in the study 

area. ARH—Annual relative humidity (%), Aspect—Slope aspect (°), Road—Density of road net-

work (km/km2). (Background map data sources: Esri, HEPE, Garmin, USGS, Intermap, INCRE-

MENTP, NRCan, Esri Japan, ME TI, Esri China (Hong Kong), Esri Korea, Esri (Thailand), NGCC, 

(c) OpenStreetMap contributors, and the GIS User Community). 

2.2.2. Acquisition of Environmental Covariates 

Multiple environmental drivers—including soil physicochemical attributes, climatic 

and ecological conditions, and human activities—jointly regulate heavy metal contamina-

tion. In this study, thirty-nine factors were selected and classified into six categories as 

environmental covariates (Table S1) (Figure 2). Sixteen soil physicochemical covariates—

including exchangeable sodium (ES), exchangeable calcium (EC), available potassium 

(AK), available phosphorus (A-P), alkali-hydrolysable nitrogen (HN), soil pH (pH), cation 

exchange capacity (CEC), bulk density (BD), clay content (Clay), sand content (Sand), silt 

content (Silt), soil porosity (Por), soil organic matter (SOM), total potassium (TK), total 

nitrogen (TN), and total phosphorus (TP)—were selected as soil property covariates (Fig-

ure S2). These data were obtained from the National Tibetan Plateau Science Data Center 

(TPDC) [18] (https://data.tpdc.ac.cn/). Elevation (DEM), slope gradient (Slope), and aspect 

(Aspect) were employed as topographic conditions (Figure S3), with data obtained from 

the Geospatial Data Cloud (https://www.gscloud.cn/). Annual average wind speed (AWS) 

and five climatic covariates—annual average precipitation (AP), annual average temper-

ature (AT), annual average relative humidity (ARH), and annual evaporation (EVA) —
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were derived from the Resource and Environmental Science Data Platform 

(https://www.resdc.cn/) (Figure S4). Ecological functions included soil type (Soil Type), 

root abundance (RA), foliar area cover (FVC), normalised difference vegetation index 

(NDVI), and soil erosion (Erosion) (Figure S5). The social economy comprised population 

density (POP), road density (Road), railway density (Railway) and gross domestic prod-

uct (GDP) (Figure S6), with datasets obtained from OpenStreetMap (https://www.open-

streetmap.org/) and Scientific Data [19] (https://www.nature.com/sdata/ (accessed on 24 

July 2025)). Industrial activity covariates included the chemical plant core density (CP), 

garment and textile factory core density (GTF), metal manufacturing plant core density 

(MMP), printing and dyeing factory core density (PDF), electronics factory core density 

(ETF), and all factory core density (ALL) (Figure S7). Corresponding industrial data were 

obtained from Guihuayun (https://guihuayun.com/). 

 

Figure 2. A description of the characteristics of environmental covariates. The diagram was created 

using BioGDP.com. 

2.2.3. Collection of Spatial Covariates 

To assess how spatial distribution patterns affect soil heavy metal contamination, this 

study employed spatial regionalization covariates (SRs) (Text S1) [20]. This method trans-

forms sparse, point-based data into continuous spatial layers, enhancing the representa-

tion of distribution patterns [21,22]. Moreover, incorporating spatial covariates into neural 

network models designed for high-dimensional, complex datasets markedly improves 

prediction robustness and reliability. 

2.3. Data Preprocessing 

The original data were standardized using StandardScaler to ensure consistency 

across feature dimensions. Spearman’s rank correlation analysis was applied for feature 

selection by calculating pairwise Spearman correlation coefficients with a threshold of 

0.75. Two spatial features derived from GWR (spatial trend predictions and local residu-

als) were retained to prevent the loss of spatial information. 
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2.4. Modeling Methods 

2.4.1. GWR-XGBoost Ensemble Model 

This study develops a GWR-XGBoost hybrid model capable of capturing spatial het-

erogeneity in heavy metals and complex nonlinear relationships among features, improv-

ing model reliability and predictive accuracy. Spatial distribution patterns of soil heavy 

metals typically exhibit pronounced regional heterogeneity [23]. GWR represents a local-

ized regression approach aimed at capturing spatial heterogeneity in variable associations 

[24]. On this basis, XGBoost was introduced to capture complex nonlinear relationships 

not adequately represented by GWR, with the spatial trend and residual components de-

rived from GWR predictions incorporated as input features to further explore the re-

sponse patterns of multi-source data. This integrated framework provides a more targeted 

modeling approach for predicting pollutants in complex spatial scenarios. 

2.4.2. Data Partitioning and Parameter Optimization 

In this study, a spatially blocked five-fold cross-validation strategy was employed for 

data partitioning and model performance evaluation. After initial partitioning via K-

means clustering, iterative refinement was performed using the adjacency matrix. The 

data were thus divided into five spatially independent blocks, enabling leakage-free five-

fold cross-validation. This ensured no spatially adjacent samples were shared between 

training and test sets, providing an unbiased assessment of the model’s spatial extrapola-

tion capability. 

Within this framework, hyperparameter optimization was conducted by minimizing 

RMSE while jointly considering R2 as the performance evaluation metric. For the GWR 

module, the median spherical distance derived from randomly sampled points was used 

as the initial bandwidth. The bandwidth was varied within 0.5–1.5 times this value (five 

candidate values), and the optimal bandwidth was determined according to the maxi-

mum cross-validated R2 (CV-R2). For the XGBoost module, an overfitting-prevention pa-

rameter grid was defined considering the small sample size. The parameter 

min_child_weight was fixed at 8 to prevent ineffective node splits. All parameter combi-

nations were evaluated in conjunction with spatially blocked cross-validation results. The 

optimal parameters for each fold were first determined, and the mode of these fold-spe-

cific optimal parameters was taken as the global optimal hyperparameter set. 

2.4.3. Model Evaluation 

The RF is an ensemble learning method that mitigates overfitting and improves 

model generalization performance [25]. It constructs multiple decision trees and aggre-

gates their predictions to improve prediction accuracy and robustness [26]. 

H(x, {Θm}) = 1/M∑ hm(x, Θm)

M

m=1

 (1) 

where 𝐻(𝑥, {𝛩𝑚}) represents the overall prediction of the random forest, ℎ𝑚(𝑥, 𝛩𝑚) de-

notes the prediction of the 𝑚-th tree, {𝛩𝑚} is the set of parameters for each tree, 𝑀 is the 

total number of trees. 

XGBoost is a high-performance gradient boosting algorithm that forms a robust pre-

dictor by combining multiple weak learners [27]. During the iterative model training, each 

new decision tree is constructed to optimize the loss of all preceding trees [28]. This itera-

tive process gradually improves the model and enhances prediction accuracy. 

Obj = ∑l(yi, ŷi) +∑Ω(fi)

t

i=1

n

i=1

 (2) 
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Here, ∑ 𝑙(𝑦𝑖, 𝑦̂𝑖)
𝑛
𝑖=1  represents the loss function term, where 𝑛 is the number of sam-

ples, 𝑦𝑖 and 𝑦̂𝑖 denote the observed and predicted values, respectively. ∑ 𝛺(𝑓𝑖)
𝑡
𝑖=1  is the 

regularization term, which sums the complexity of all 𝑡 trees. 

GWRF method extends the RF algorithm by integrating the GWR framework, form-

ing a localized nonlinear machine learning model that captures regional variability and 

local dependencies in spatial data [29]. The model constructs an independent RF model 

for samples at each spatial location and incorporates geographic weighting to achieve 

more accurate local predictions [26]. 

Yi = a(ui, vi)xi + e (3) 

Here, 𝑎(𝑢𝑖 , 𝑣𝑖)𝑥𝑖  denotes the locally calibrated RF model prediction at location 

(𝑢𝑖 , 𝑣𝑖), and 𝑒 represents the error term. 

GWR is a spatial statistical technique developed to model relationships that vary 

across space. Brunsdon et al. (1996) first introduced the spatially varying coefficient model 

and proposed the GWR method, which has since become a fundamental tool for analyzing 

spatial heterogeneity [30]. Mathematical formulations for the weighted regression model 

and Gaussian kernel function are presented below: 

yi = β0(ui, vi) +∑βk

p

k=1

(ui, vi)xik + εi (4) 

𝑦𝑖  denotes the heavy metal concentration value at location 𝑖, 𝛽0(𝑢𝑖 , 𝑣𝑖) denotes the inter-

cept term, 𝛽𝑘(𝑢𝑖 , 𝑣𝑖)  denotes the regression coefficient at position (𝑢𝑖, 𝑣𝑖),  𝑥𝑖𝑘  denotes 

the value of the kth variable indicator at the 𝑖 th sampling point, 𝜀𝑖 denotes the error 

term. 

wij = exp (−1/2(
dij

b
)

2

) (5) 

𝑑𝑖𝑗  denotes the distance between point i and point j, 𝑏 represents the bandwidth. 

Evaluation metrics, including the coefficient of determination (R2), root mean square 

error (RMSE), and mean absolute error (MAE), are used to reflect the predictive accuracy 

of the model. 

R2 = 1 −
∑ (ŷi − yi)

2n
i=1

∑ (yi − y̅)
2n

i=1

 (6) 

RMSE = √
∑ (ŷi − yi)

2n
i=1

n
 (7) 

𝑀𝐴𝐸 = 1/𝑛∑ |𝑦𝑖 − 𝑦̂𝑖|
𝑛

𝑖=1
 (8) 

Here, 𝑛 denotes the number of samples, 𝑦𝑖  represents the observed concentration 

of the 𝑖-th sample, 𝑦̂𝑖 is the model-predicted concentration, and 𝑦̅ is the mean of all ob-

served samples. 

2.4.4. Shapley Additive exPlanations (SHAP) 

Shapley’s method fairly distributes the incremental effects of model inputs on pre-

dictions, enabling assessment of feature importance and delivering consistent, transpar-

ent explanations [31]. 

∅𝑖 = ∑
|𝑆|! (|𝐹| − |𝑆| − 1)!

|𝐹|!
[𝑓𝑆∪{𝑖}(𝑥𝑆∪{𝑖}) − fs(𝑥𝑆)]

𝑆⊆𝐹\{𝑖}

 (9) 
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∅𝑖 denotes the SHAP value for feature I, 𝐹 denotes the set of all features, 𝑆 denotes the 

feature subset, and 𝑓𝑠(𝑥𝑆) denotes the model’s predicted value under this feature combi-

nation. 

2.5. Risk Assessment 

The ecological risks associated with soil heavy metal contamination were assessed 

using the Potential Ecological Risk Index (PERI) method. The human health risk assess-

ment framework recommended by the United States Environmental Protection Agency 

(USEPA) was employed to evaluate carcinogenic and non-carcinogenic risks to local 

adults and children through three exposure pathways: ingestion, inhalation, and dermal 

contact. Monte Carlo simulations were performed using Oracle Crystal Ball to character-

ize the cumulative probability distributions of health risks. 

PERI method integrates soil heavy metal concentrations with toxicological character-

istics by incorporating toxicity response coefficients into the assessment process. 

𝐶𝑓
𝑖 =

𝐶𝑖
𝐶𝑛
𝑖
 (10) 

𝐸𝑟
𝑖 = 𝑇𝑟

𝑖 × 𝐶𝑓
𝑖  (11) 

𝑅𝐼 =∑𝐸𝑟
𝑖

𝑛

𝑖=1

 (12) 

where 𝐶𝑓
𝑖 is the contamination factor of heavy metal 𝑖; 𝐶𝑖 is the measured concentration 

(mg kg−1); 𝐶𝑛
𝑖  is the corresponding background concentration (mg kg−1), obtained from 

the regional soil background survey of Jilin Province [32]; 𝑇𝑟
𝑖  denotes the toxicity re-

sponse coefficient of heavy metal 𝑖 (Table 1), adopted from Hakanson [33]; 𝐸𝑟
𝑖  represents 

the potential ecological risk factor of heavy metal 𝑖; and 𝑅𝐼 is the integrated potential 

ecological risk index for the study area. The detailed classification criteria are provided in 

Table 2. 

Table 1. Toxicity response coefficients of heavy metals. 

Element Pb Cu Zn Cd As Cr 

𝑇𝑟
𝑖 5 5 1 30 10 2 

Table 2. Classification criteria for potential ecological risk. 

Level Potential Ecological Risk Factor 𝐄𝐫
𝐢  

Comprehensive Potential Ecologi-

cal Risk Index 𝑹𝑰 
Potential Ecological Risk Level 

1 Er
i < 40 RI < 150 Low potential ecological risk 

2 40 ≤ Er
i < 80 150 ≤ RI < 300 Moderate potential ecological risk 

3 80 ≤ Er
i < 160 300 ≤ RI < 600 Considerable potential ecological risk 

4 160 ≤ Er
i < 320 600 ≤ RI < 1200 High potential ecological risk 

5 Er
i ≥ 320 RI ≥ 1200 Very high potential ecological risk 

Human health risk assessment was conducted using the heavy metal concentrations 

predicted by the model following the framework recommended by the USEPA. 

ADDing =
Ci × IRing × EF × ED

BW × AT
× 10−6 (13) 

ADDinh =
Ci × IRinh × EF × ED

PEF × BW × AT
 (14) 
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ADDder =
Ci × SA × SL × ABS × EF × ED

BW × AT
× 10−6 (15) 

HQi =
ADDing,i

RfDing,i
+
ADDinh,i
RfDinh,i

+
ADDder,i
RfDder,i

 (16) 

CRi = ADDing,i × SFing,i + ADDinh,i × SFinh,i + ADDder,i × SFder,i (17) 

THI =∑HQi

n

i=1

=∑
ADDing,i

RfDing,i

n

i=1

+∑
ADDinh,i
RfDinh,i

n

i=1

+∑
ADDder,i
RfDder,i

n

i=1

 (18) 

TCR =∑CRi

n

i=1

=∑ADDing,i × SFing,i

n

i=1

+∑ADDinh,i × SFinh,i

n

i=1

+∑ADDder,i × SFder,i

n

i=1

 (19) 

where ADDing, ADDinh, and ADDder represent the average daily doses of toxic elements 

through ingestion, inhalation, and dermal contact, respectively. The exposure parameters 

include ingestion rate (IngR), inhalation rate (InhR), exposure frequency (EF), exposure 

duration (ED), body weight (BW), and averaging time (AT). SA, SL, and ABS represent 

the exposed skin area, soil adherence factor, and dermal absorption factor, respectively, 

while PEF denotes the particle emission factor. SF denotes the slope factor, RfD is the ref-

erence dose (Table 3), HQi represents the non-carcinogenic hazard quotient for the ith 

heavy metal, and CRi represents its carcinogenic risk. THI and TCR denote the total non-

carcinogenic hazard index and total carcinogenic risk, respectively, calculated by sum-

ming the risk contributions from all heavy metals and exposure pathways. A TCR value 

greater than 1 × 10−4 indicates an unacceptable carcinogenic risk. A TCR value between 

1 × 10−6 and 1 × 10−4 is considered an acceptable carcinogenic risk level. When TCR is 

lower than 1 × 10−6, the carcinogenic risk is considered negligible. A THI greater than 1 

indicates potential non-carcinogenic effects, whereas a THI below 1 suggests that non-

carcinogenic risks are negligible. In the absence of chromium speciation data, Cr(VI) spe-

cific toxicological parameters were conservatively applied to the measured total Cr con-

centrations for health risk assessment. The RfD and SF values for Cr(VI) were obtained 

from the literature [34]. The parameter settings used for the Monte Carlo simulation and 

cumulative probability distribution analysis are provided in Table 4. 

Table 3. Reference doses (RfD) and slope factors (SF) of heavy metals. 

Heavy Metals 
RfD SF 

Reference 
Ingest Inhale Dermal Ingest Inhale Dermal 

Cr (VI) 0.003 0.00003  0.5 41  [34] 

Cu 0.04 0.04 0.012 1.7  42.5 [35] 

Zn 0.3 0.3 0.06    [35] 

As 0.0003 0.3 0.0001 0.5 42 20 [35] 

Cd 0.001 0.001 0.00001 6.1 6.3 6.1 [35] 

Pb 0.0035 0.0035 0.00053    [35] 

Table 4. Parameter settings for Monte Carlo simulation. 

Indices 
Probabilistic 

Distribution 
Unit Adult Children Reference 

IRing Triangular mg/d TRI (4, 30, 52) TRI (66, 103, 161) [36] 

IRinh Log-normal m3/day LN (16.57, 4.05) LN (7.19, 1.62) [37] 

EF Triangular d/a TRI (180,345.365) TRI (180,345.365) [35] 

ED Point a 24 6 [36] 
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SA Point cm2 5700 2800 [35] 

SL Point mg/cm2/d 0.07 0.2 [36] 

ABS Point  
0.03 for As and 0.001 

for other PHEs 

0.03 for As and 0.001 

for other PHEs 
[36] 

PEF Point m3/kg 1.36 × 109 1.36 × 109 [36] 

BW Log-normal kg LN (57.59, 8.03) LN (19.60, 1.96) [38] 

AT (Non-carcinogens) Point d ED × 365 ED × 365 [36] 

AT (carcinogens) Point d 25,550 25,550 [36] 

3. Results and Discussion 

3.1. Soil Heavy Metal Contamination 

Field sampling in the Liaohe River Basin of Jilin Province, China, revealed mean con-

centrations of Cr, Cu, Zn, As, Cd, and Pb of 113.26 mg/kg, 18.83 mg/kg, 64.59 mg/kg, 9.17 

mg/kg, 0.22 mg/kg, and 19.13 mg/kg, respectively (Figure S8). The mean concentrations of 

As, Cd, Cr, and Cu exceeded the corresponding provincial background values for Jilin 

soils, whereas those of Pb and Zn were below their respective background values (Table 

5). The background-value exceedance rates, calculated as the percentages of soil samples 

with concentrations above the corresponding provincial background values, were 100% 

for both Cr and Cd, followed by As (73.17%), Cu (64.63%), Zn (31.71%), and Pb (20.73%). 

Pronounced spatial heterogeneity of heavy metal concentrations was observed, with Zn 

ranging from 34.50 to 80.83 mg/kg, corresponding to localised pollution hotspots [21]. The 

degree of variation further highlights disparities in their spatial distribution. For example, 

Cu and Cd exhibited variation coefficients of 0.25 and 0.24, likely reflecting the joint effects 

of natural processes and human activities [39]. 

Table 5. Concentrations of Heavy Metals in Cultivated Soils of the Liaohe River Basin, Jilin Province 

(mg kg−1). 

Elements Minimum Maximum Mean Background Values a Exceedance Rate (%) b Risk Benchmark c 

As 7.05 11.18 9.17 8.38 73.17 25 

Cd 0.13 0.30 0.22 0.11 100 0.6 

Cr 71.93 165.25 113.26 45.71 100 250 

Cu 10.41 27.58 18.83 16.24 64.63 100 

Pb 11.10 27.33 19.13 23.08 20.73 170 

Zn 34.50 80.83 64.59 71.68 31.71 300 

a Background values: Study on the Soil Background Values of Jilin Province Conducted in Collabo-

ration with the Jilin Environmental Monitoring Center, Jilin Environmental Protection Research In-

stitute, and the Changchun Geographic Research Institute of the Chinese Academy of Sciences [32]. 
b Exceedance rate represents the percentage of soil samples with concentrations exceeding the cor-

responding provincial soil background values. c Risk benchmark: Risk Screening Values in Stand-

ards for Managing Soil Contamination Risks in Agricultural Soils Approved by the National Eco-

logical and Environmental Protection Agency (GB 15618-2018). 

3.2. Prediction of Soil Heavy Metal Concentrations 

Model predictive performance was systematically evaluated through R2, RMSE, and 

MAE. As illustrated in Figure 3a, the GWR-XGBoost model exhibited a markedly superior 

fit compared with the standalone GWR model, GWRF models, and conventional machine 

learning algorithms such as XGBoost and RF. Taking Cu as an example, the R2 value of 

the GWR-XGBoost model increased by 0.436 compared to GWR. Relative to the conven-

tional models XGBoost and RF, it also improved by 0.123 and 0.324, respectively. Figure 

3b presents the predicted distributions of six heavy metals obtained from the optimal 
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GWR-XGBoost model; R2 ranged between 0.856 and 0.915, demonstrating the robustness 

of the predictions. 

 

Figure 3. (a) R2 and RMSE of six models for predicting soil heavy metal concentrations. (b) Assess-

ment of heavy metal distribution patterns using the combined GWR-XGBoost model. 

3.3. Environmental Drivers of Heavy Metal Contamination 

3.3.1. Correlation Analysis 

Pearson correlation was conducted to investigate the associations of soil heavy met-

als with various environmental covariates, providing initial insight into linear associa-

tions. TP was positively correlated with Cd, while NDVI exhibited negative associations 

with As and Cu. POP exhibited a positive correlation with Cr, while industrial activity—

represented by CP and ALL—also showed positive correlations with Cr and Cu. These 

results indicate that local soils have been substantially affected by anthropogenic activi-

ties. To further explore the interrelationships among input features, correlation analyses 

were performed (Figure S9). Significant positive correlations were observed between AP 
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and ARH and Sand, RA, and POP, while NDVI and AT exhibited notable negative corre-

lations with GTF and ETF. 

3.3.2. SHAP Analysis 

The SHAP method was employed to quantify the contribution of each environmental 

variable to soil heavy metal predictions. The feature importance analysis for Cd is pre-

sented in Figure 4. The corresponding results for the remaining heavy metals—As, Cu, 

Pb, Zn, and Cr—are shown in Figures S10–S14. The effects of major variables on the spatial 

distribution of heavy metals were further analysed (Text S2; Figure S15). The contribu-

tions of six heavy metals were analyzed. Soil physicochemical properties, such as TP and 

BD, indirectly reflect ecological conditions by representing fundamental soil characteris-

tics [40]. Topographic factors, including slope and aspect, can affect the migration, accu-

mulation, and dispersal patterns of soil heavy metals [28]. In addition, spatial covariates 

(SRIDW, SRTR, and SROK) made significant contributions to the prediction, effectively 

compensating for spatial heterogeneity during the modelling process. Meteorological co-

variates—including AWS, AP, ARH, and EVA—affect soil migration and dispersion pro-

cesses, thereby indirectly characterising the environmental behaviour of soils [41]. Indus-

trial activity covariates, such as GWT and ALL, also play significant roles. Consequently, 

the observed spatial variability of soil metals results from both natural pedogenic pro-

cesses, including weathering and leaching [42], and human-induced factors such as in-

dustrial emissions, farming practices, transport, and urban development [43,44]. 

 

Figure 4. Importance analysis of input characteristics for heavy metal Cd. 

3.3.3. Interactions Among Environmental Variables 

SHAP interaction plots for six heavy metals reveal substantial differences in feature 

interactions among them (Figure 5). For Cu and Pb, interactions are primarily governed 

by the synergy and antagonism of topographic and soil properties, including slope, CEC, 

and FVC, although industrial activities (GTF) still exert some influence. This indicates that 

natural processes predominantly drive these metals while being modulated by anthropo-

genic disturbances [45,46]. For As and Cr, interactions are mainly associated with both 

natural and industrial influences, including AWS, ETF, and silt content. In areas of fre-

quent industrial activity, acidic soils enhance the accumulation of As and Cr, highlighting 

the primary role of human activities [47,48]. The interactions of Cd and Zn are more com-

plex, exhibiting strong interplay between soil properties and industrial activities, as well 

as close associations between transportation factors and natural conditions, reflecting the 
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influence of multiple sources on their spatial distributions [49,50]. SHAP interaction anal-

ysis was employed to quantify the interactions among environmental covariates, thereby 

effectively capturing the spatial heterogeneity of heavy metals and variations in their driv-

ing mechanisms. The findings help identify areas where heavy metal enrichment may be 

associated with specific environmental conditions or anthropogenic activities. These in-

sights can inform targeted soil monitoring and help prioritize areas for pollution control 

and management [16,51]. 

 

Figure 5. SHAP interaction effect analysis of heavy metals. 

3.4. Spatial Prediction Results of Soil Heavy Metals 

Field sampling data, environmental variables, and multi-source spatial information 

were incorporated into a GWR-XGBoost framework, allowing for regional estimation of 

soil metal levels. Spatial distribution patterns of six heavy metals are presented in Figure 

6. Except for Zn, the other five heavy metals exhibited pronounced pollution clustering in 

the Tiexi region. Gongzhuling displayed notable accumulation of As and Cr, whereas 

Yitong was characterized by Cd and Zn contamination. Severe contamination of Cr, Cu, 

and Pb was observed in Liaoyuan. High-concentration areas were predominantly distrib-

uted in urban regions, likely associated with urbanization and anthropogenic activities, 

including industrial emissions and agricultural production [52]. Furthermore, the spatial 
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distribution patterns of multiple heavy metals were strongly correlated with local popu-

lation density (Figure S16). 

 

Figure 6. Predicted spatial distribution of various heavy metals using the optimal model. 

3.5. Ecological Risk Assessment 

The predicted spatial distributions of soil heavy metals were used to assess contam-

ination levels and potential ecological risks (Figure 7). Marked spatial heterogeneity was 

observed among different heavy metals. High risks of As, Cd, and Zn were mainly iden-

tified in eastern Gongzhuling, southwestern Shuangliao, and Tiexi District. Cr contami-

nation was concentrated in eastern Gongzhuling and southern Longshan District. Cu-re-

lated risks were primarily distributed in northeastern Longshan District and southern 

Lishu County. Pb contamination was mainly concentrated in northwestern Shuangliao 

and southern Longshan District. The potential ecological risk factor of Cd in the study 

area ranged from 34.766 to 81.613. Approximately 82% of the sampling sites were classi-

fied as having moderate ecological risk, while 7% were categorized as having considerable 

ecological risk. In contrast, all other heavy metals were associated with low ecological risk 
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levels. The integrated ecological risk remained at a low level. This risk level was compa-

rable to that reported for northeastern China [49], but lower than those observed in the 

northern Qinling Mountains, China [53] and East Java, Indonesia [54]. 

 

Figure 7. Results of the potential ecological risk index assessment. 
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3.6. Human Health Risk Assessment 

Monte Carlo simulations were conducted to characterize the probability distributions 

of carcinogenic and non-carcinogenic risks for adults and children (Figure 8). The carcino-

genic risk values ranged from 1 × 10−6 to 1 × 10−4, indicating an acceptable risk level in 

the study area. The carcinogenic risk for children (4.91 × 10−5) was significantly higher than 

that for adults (2.59 × 10−5). The cumulative probability distributions of carcinogenic risks 

associated with As and Cr are shown in Figure 8c,d. Cr and As contributed substantially 

to the total carcinogenic risk, accounting for 40% and 32.5%, respectively (Figure 8e,f). 

Overall, the health risks did not exceed the thresholds established by the USEPA. Further-

more, the estimated health risks were substantially lower than those reported for Xiangfu 

District, Kaifeng, China [55] and Svirsk, Russia [47]. The study area as a whole remained 

within the acceptable carcinogenic risk range. 

 

Figure 8. Cumulative probability distributions of health risks based on Monte Carlo simulation. (a) 

Cumulative probability distributions of carcinogenic risks for adults and children. (b) Cumulative 

probability distributions of non-carcinogenic risks for adults and children. (c) Cumulative probabil-

ity distributions of carcinogenic risk associated with As for adults and children. (d) Cumulative 

probability distributions of carcinogenic risk associated with Cr for adults and children. (e) Propor-

tions of four heavy metals contributing to the total carcinogenic risk. (f) Proportions of six heavy 

metals contributing to the total non-carcinogenic risk. 
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3.7. Hotspot Identification and Management Recommendations 

Based on the total hazard index (THI), total carcinogenic risk (TCR), and potential 

ecological risk index (RI) risk indices combined with a bivariate Moran’s I analysis, pollu-

tion hotspots were identified in Gongzhuling City, northern Yitong, Tiexi District, 

Tiedong District, and Dongliao County (Figure 9). Priority management should be imple-

mented in high-risk areas to facilitate timely pollution control and prevention. 

 

Figure 9. Bivariate local Moran’s I. (a) THI-RI; (b) TCR-RI; (c) TCR-THI. 

Targeted management measures should be implemented in the identified hotspot ar-

eas. The distributions of Cu and Zn were primarily influenced by natural factors, includ-

ing soil properties and climatic conditions. In areas dominated by natural drivers, greater 

emphasis should be placed on soil and water conservation projects as well as soil quality 

management. In contrast, As and Cr were jointly affected by socioeconomic development 

and industrial activities. For areas where anthropogenic factors predominate, stricter in-

dustrial regulation and optimization of industrial structures are recommended. Such ac-

tions could reduce the risk of continuous heavy metal input into the environment. In 

hotspot regions such as Gongzhuling City and northern Yitong, enhanced health risk as-

sessment and environmental monitoring should be conducted around densely populated 

areas and other sensitive receptors. Potential mitigation measures include controlling in-

dustrial emissions and wastewater discharges, as well as avoiding excessive fertilizer and 

pesticide use. In high-risk areas, appropriate soil amendments and low-accumulating 

crop varieties may help reduce heavy metal bioavailability and transfer to maize grains. 

Continued monitoring of heavy metal concentrations in soil and maize grains can help 

assess the effectiveness of these measures and track changes in potential exposure risks. 

Prioritizing these measures in identified hotspots and high-risk areas may help limit fur-

ther contamination and protect human health. 

3.8. Uncertainty Analysis and Research Prospects 

Several limitations remain in this study. (1) During spatial data processing and inter-

polation analyses, smoothing effects may occur, leading to attenuation of extreme values. 

Future studies could explore alternative spatial strategies to improve the representation 

of extreme conditions. (2) The selected multi-source variables remain limited. Incorporat-

ing additional datasets, such as remote sensing data, may further improve model inter-

pretability and predictive accuracy. 
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4. Conclusions 

This study integrated field observations, multi-source datasets, and machine learning 

approaches to identify the environmental drivers and spatial hotspots of soil heavy metal 

contamination. Following spatial block cross-validation and parameter optimization, the 

ensemble model demonstrated robust and reliable predictive performance. The results 

indicated that climatic variables, such as AWS, and soil properties, including TK and TN, 

were among the primary factors influencing heavy metal distributions. Moreover, signif-

icant interaction effects were observed among topographic, socioeconomic, and ecological 

variables, suggesting that soil heavy metal variability was jointly governed by multiple 

environmental drivers. Risk assessment revealed that the potential ecological risks asso-

ciated with As, Cr, and Cd were widely distributed across the study area, with As and Cr 

identified as the dominant contributors to carcinogenic risks. Meanwhile, regions such as 

Gongzhuling City and northern Yitong County were identified as contamination hotspots 

requiring stringent management measures. 
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