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HIGHLIGHTS GRAPHICAL ABSTRACT

e Cd showed the highest exceedance rate
among the heavy metals.

e A machine learning approach identified
key drivers influencing soil heavy metal
levels.

e SHAP-GAM analysis was employed to
identify tipping points of critical vari-
ables for each heavy metal.

e Geographic detector analysis was per-
formed to quantify spatial heterogeneity
and the influence intensity of principal
factors.

e Policy implications were proposed
based on steel plant emission perfor-
mance and heavy metal risk indicators.

ARTICLE INFO ABSTRACT
Keywords: Long-term spatiotemporal patterns of soil heavy metal(loid) contamination outside the boundaries of China’s
Iron and steel industry iron and steel enterprises have not been adequately characterized at the national scale. To address this gap, a

Heavy metal(loid) pollution
Drivers

Generalized additive models
Emission-risk assessment

long-term database of soil heavy metal(loid) concentrations during 2015-2025 was established to investigate
environmental drivers, mechanistic processes, and policy implications at the macroscale. According to the
proportion of samples exceeding China’s 2018 agricultural land risk control standards, the exceedance rates of
Cu, Zn, Ni, Pb, Cr, Cd, As, and Hg were 3.82%, 2.38%, 1.34%, 0.52%, 0.83%, 12.50%, 0.62%, and 1.03%,
respectively. Both environmental and anthropogenic factors shaped these patterns, while topography and soil
properties regulated metal accumulation through hydrothermal redistribution, organic matter dynamics, and
adsorption. Climate variables, especially temperature, precipitation, and wind speed, were the dominant con-
trols, and thresholds of ~15 °C were identified for As, Cd, and Pb. Vegetation coverage predominantly affected
Hg, whereas socio-economic factors and industrial emissions significantly modulated the distributions of Cu, Hg,
Ni, and Zn. Provincial analysis showed uneven emission performance: relatively low performance occurred in
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Shanghai and Guangdong, medium performance was found in most northern and central-southern provinces,
and comparatively high performance was concentrated in several eastern and northeastern regions. Contami-
nation patterns differed clearly among the heavy metals, with Cd and Hg recognized as the dominant pollutants.
Risk-index evaluation indicated greater ecological risks in northern and northeastern areas. These findings
support pollution control and sustainable development in the iron and steel industry.

1. Introduction

Among environmental receptors, soil is a major medium affected by
emissions from the iron and steel industry and represents a key interface
among industrial activity, ecosystem security, and human health [1]. As
an essential component of ecosystem processes and agricultural pro-
duction, soil supports nutrient cycling and crop development but re-
mains particularly susceptible to heavy metal contamination [2, 3].
Heavy metals are persistent, highly toxic, and prone to bioaccumulation;
consequently, their long-term buildup in soil can substantially impair
ecological functions and reduce the quality and yield of agricultural
products [4, 5]. These metals may also enter the food chain and thereby
pose potential risks to human health. Soil contamination by heavy
metals has therefore become a major environmental concern worldwide.

Continuing industrialization and urbanization in China have
increased heavy metal concentrations in soil through several processes,
including industrial emissions, atmospheric deposition [6-8], and
solid-waste accumulation. Among industrial sources, the iron and steel
industry is considered an important contributor because of its high en-
ergy consumption, substantial emissions, and large-scale production [9,
10]. The effects of iron and steel enterprises on heavy metal contami-
nation in surrounding off-site soils show marked spatial heterogeneity
arising from the combined effects of regional natural and
socio-economic factors. Heavy metal distributions in soil are determined
not only by direct inputs such as industrial emissions [11, 12] but also by
geological and climatic conditions, soil properties, ecological functions,
socio-economic conditions, and industrial activities. Previous studies at
broader spatial scales have described the effects of natural environ-
mental factors on total heavy metal concentrations in topsoil [3, 13, 14],
emphasizing the varied roles of atmospheric deposition, climate,
topography, human activity, and soil geochemical properties in metal
accumulation [15-18]. Nevertheless, most studies have focused on a
single group of factors, such as soil properties or specific anthropogenic
activities [19-21], and few have integrated multiple natural and
socio-economic drivers within one analytical framework. Studies of the
multifactorial drivers of heavy metal distributions in off-site soils around
steel enterprises remain especially limited. Critical thresholds of envi-
ronmental variables that may produce “biphasic effects” are also insuf-
ficiently explored [22]. Moreover, environmental backgrounds differ
considerably among industrial sites, potentially producing regional
variation in the mechanisms controlling off-site heavy metal accumu-
lation. Nationwide investigations of off-site soil heavy metals around
steel plants from an interactive, multifactorial perspective remain
scarce, limiting the understanding of spatial heterogeneity and the
development of region-specific management strategies. Two scientific
questions therefore require attention. First, the dominant drivers of
heavy metal distributions in off-site soils around steel enterprises at the
national scale, together with their relative contributions, have not been
systematically clarified. Second, the mechanisms, interactions, and
critical pathways through which natural and anthropogenic factors
jointly shape these distributions remain poorly understood. Resolving
these questions is scientifically and practically important for establish-
ing an integrated framework of environmental drivers and improving
targeted prevention and control of soil environmental risks.

Machine learning (ML) methods have been widely used to predict
spatial distributions of soil heavy metals, characterize spatial hetero-
geneity, and identify major driving factors because they can reveal
patterns in complex environmental data [23-25]. Despite their strong

predictive performance with high-dimensional multivariate data, con-
ventional ML models provide limited information on how individual
variables affect sample-specific predictions or interact with other envi-
ronmental factors [5, 26]. The game theory-based Shapley Additive
Explanations (SHAP) framework [27] has recently received increasing
attention because it improves model interpretability and explicitly
quantifies interactions among environmental factors. SHAP provides a
unified metric for attributing model predictions to individual explana-
tory variables at the sample level [28, 29], enabling factor-specific ef-
fects to be identified and offering an approach for detecting critical
thresholds in soil heavy metal concentrations. However, SHAP mainly
interprets model predictions and quantifies individual-variable contri-
butions; it has a limited ability to directly characterize complex
nonlinear responses and environmental thresholds between continuous
predictors and heavy metal concentrations. Generalized additive models
(GAMs), by contrast, use smooth functions to flexibly model nonlinear
relationships between predictors and response variables, allowing
response inflection points and potential environmental thresholds to be
identified [22]. Integration of SHAP and GAM therefore enables both the
identification and quantification of principal drivers of heavy metal
distributions in off-site soils around steel enterprises and a clearer
interpretation of their nonlinear responses and threshold effects. The
combined framework extends the analysis from driver identification to
mechanism interpretation and provides a more complete theoretical
basis for explaining the formation of these spatial patterns.

Against this background, representative iron and steel enterprises
across China were examined, and a comprehensive database of off-site
soil heavy metal concentrations was constructed using diverse natural
and anthropogenic factors. In total, 48 variables were assembled,
covering geological and climatic conditions, soil properties, ecological
functions, socio-economic indicators, and industrial activity, thereby
forming a multisource framework of potential drivers. Three objectives
were pursued: (1) to delineate the nationwide spatial distributions of off-
site soil heavy metals around steel plants and quantitatively evaluate the
contributions and threshold effects of natural and socio-economic
drivers for individual metals; (2) to clarify nonlinear interactions and
mechanistic pathways among multiple drivers; and (3) to determine the
principal pathways through which the iron and steel industry affects
surrounding soil environments. The findings should advance under-
standing of the accumulation mechanisms of industrially derived heavy
metals in soil and offer scientific support for environmental manage-
ment, land-use planning, and national soil pollution-control policies in
the steel sector.

2. Materials and methods
2.1. Data collection and pretreatment

Iron and steel enterprises were defined as industrial entities involved
in ironmaking, steelmaking, and steel rolling, while upstream mining
companies and other raw-material suppliers were excluded. Soil moni-
toring data from the peripheries of iron and steel enterprises in China
during 2015-2025 were systematically compiled from environmental
impact assessment reports available on the official websites of provincial
ecological and environmental departments (detailed sources are listed in
Table S1) and from relevant literature. The resulting dataset included
enterprise names, geographic locations, soil sampling dates, sampling-
point identifiers, site coordinates, and corresponding pollutant
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concentrations. The monitored pollutants were As, Cd, Cr, Cu, Hg, Ni,
Pb, and Zn. All samples originated from the topsoil layer (0-20 cm),
maintaining comparability and representativeness among sampling lo-
cations and providing a reliable basis for later analyses of contamination
patterns and environmental implications. Data collection and quality-
control procedures are described in Text S1.

2.2. Covariate collection

2.2.1. Natural environmental covariates

The present study included six categories of environmental cova-
riates: geological conditions, climatic conditions, soil features, ecolog-
ical functions, socio-economic factors, and industrial activity (Table S2).
Climatic data, including annual average temperature, annual average
precipitation, annual average relative humidity, and annual average
wind speed, were acquired from the Resource and Environment Science
and Data Center (https://www.resdc.cn/). The variables were extracted
for every sampling location based on its geographic coordinates using
the Extract Values to Points tool in ArcGIS. The ranges of AT, AP, ARH,
and AWS were 2.43-24.65 °C, 138.64-2263.91 mm, 50.84-83.37%, and
1.20-2.78 m/s, respectively. Altitude and ground slope were obtained
from the 90 m x 90 m Digital Elevation Model (DEM) offered by the
Resource and Environment Science and Data Center, and both were
extracted for each sampling location using the spatial analysis tools in
ArcGIS. The study area revealed notable topographic variation, with
altitude ranging from —5.00-2174.00 m and slope from 0.00° to 16.70°.
Soil properties, including soil pH, organic matter content, cation ex-
change capacity, gravel, clay, sand, and silt content, and soil texture
class data, were obtained from the high-resolution national soil infor-
mation grid basic attributes dataset of China (2010-2018) (http://soil.
geodata.cn/data/datadetails.html?dataguid=36810085119113)[30,
31]. Among these, the soil texture classes primarily included sandy
loam, loam, silty loam, clay loam, silty clay loam, silty clay, and clay.
These variables were extracted using ArcGIS according to the
geographic coordinates of each sampling location, and the raster pixel
values were converted into actual values using the corresponding scale
factors. The normalized difference vegetation index (NDVI) data were
obtained from NASA’s open-access Earthdata platform as an indicator of
vegetation coverage across the study area (https://www.earthdata.nasa.
gov/) [32], and NDVI values were extracted according to the geographic
coordinates of each sampling location and converted to actual values
using the corresponding scale factors.

2.2.2. Anthropogenic covariates

Anthropogenic activity factors mainly comprised gross domestic
product, population density, road network density, proportion of sec-
ondary industry, total electricity consumption, and fertilizer applica-
tion; these data were obtained from statistical yearbooks, government
notices, and other public datasets [33-35]. Population density and road
network density were extracted for each sampling location from the
corresponding raster datasets in ArcGIS using geographic coordinates.
The ranges of gross domestic product, population density, and road
network density were 50.00-67345.00 x 10* yuan/km?, 8.00-6890.00
people/km?, and 0.00-10.90 km/km?, respectively. The proportion of
secondary industry, total electricity consumption, and fertilizer appli-
cation ranged from 9.36 to 77.83%, 57500.00-3052971.00 ten thou-
sand kilowatt-hours (kWh), and 188.00-104673.50 t, respectively.
Anthropogenic covariates also included human activities associated
with heavy metal pollution. Industrial indicators for iron and steel en-
terprises included distance to emission sources, product output, and
pollutant emissions. Product-output data were obtained mainly from
Emission Permit Implementation Reports [36], the National Bureau of
Statistics (https://data.stats.gov.cn/), industrial yearbooks, and on-site
surveys. Emissions of SOy, NO,, PM;o, PM3 5, BC, OC, EC, CO, VOCs,
dioxin, and fluoride were primarily derived from the atmospheric
pollutant emission inventory for China’s iron and steel industry; the
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compilation methods have been reported previously [37, 38]. The
emission inventory of trace elements, including Cd, Cr, Ni, As, Pb, Cu,
Mn, Se, V, Zn, Sb, Sn, Fe, and Hg, was compiled following Tian et al.
[39]. Distance to emission sources was calculated with the Euclidean
Distance tool in ArcGIS.

2.3. Machine learning model

2.3.1. Data preprocessing and input feature selection

Soil heavy metal concentrations were converted to uniform units and
standardized to maintain consistency and comparability. Z-score
normalization was applied to both input and output parameters before
their incorporation into the ML model [40, 41]. The input features were
standardized using the StandardScaler function in Scikit-Learn (version
1.3.2), as expressed in Eq. (1).

X, = (i~ 1) ¢))
c

where Xy and x; are the standardized and original values of the input

variables, respectively, and p and ¢ are the mean and standard de-

viation of the sample data, respectively.

Potential multicollinearity among the explanatory variables was
evaluated by calculating the variance inflation factor (VIF) before model
development. Variables with VIF values greater than 5 were considered
to have relatively high multicollinearity. The observed collinearity
mainly arose from shared industrial production processes and syner-
gistic emission characteristics (Table S3). Because the variables repre-
sented distinct environmental information, all explanatory variables
were retained for subsequent machine learning analyses.

2.3.2. Input feature selection

Spearman’s rank correlation coefficient was employed to analyze
correlations between different variables, and the correlation coefficient
(p) was calculated using Eq. (2):

> > (Ry ~Ry) 3 (Ry ~Ry)
S @
\/ > (Rx, —Rx) \/ E )

where p reflects the Spearman’s rank correlation coefficient measuring
the monotonic association between a feature and the target variable or
between two target variables. Rx, and Ry, denote the ranks of the i-th

observation in the respective variables, while Rx and Ry denote the
mean ranks of the input feature and the output target, respectively. The
coefficient ranges from —1-1, with 0 indicating no monotonic relation-
ship and values approaching -1 or 1 indicating strong negative or pos-
itive monotonic associations, respectively.

During the correlation analysis, Spearman’s rank correlation co-
efficients were determined among input features and between input
features and soil heavy metal concentrations to identify variables
conveying similar information. Input features were screened and opti-
mized by collectively considering environmental and physical rele-
vance, data completeness, and relationships with the target variables
based on the correlation results. This feature selection strategy based on
Spearman rank correlation retained key environmental and anthropo-
genic information while reducing multicollinearity among input vari-
ables, thereby enhancing the stability and generalization performance of
the machine learning models and yielding a robust set of input features
for later driver identification using ML and SHAP analyses.

2.3.3. ML model development and optimization

A grid-search method was used to optimize the principal hyper-
parameters of six machine learning models: random forest (RF), multi-
layer perceptron (MLP), decision tree (DT), support vector regression
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(SVR), extreme gradient boosting (XGBoost), and gradient boosting
decision tree (GBDT) (Text S2-S7 and Table S4). The optimized pa-
rameters included n_estimators and max_depth for RF; tree depth and
node-splitting parameters for DT; kernel function, regularization
parameter (C), and e for SVR; hidden-layer architecture, optimization
algorithm, regularization coefficient, and maximum iterations for MLP;
n_estimators, max_depth, learning rate, minimum child weight, and split
gain threshold (gamma) for XGBoost; and n_estimators, learning rate,
and max_depth for GBDT. After the optimal combinations were deter-
mined, the dataset was randomly partitioned into training and testing
subsets at a ratio of 80% and 20%, respectively. Ten-fold cross-valida-
tion was conducted during model training to assess generalization and
robustness. The procedure was repeated ten times, and the mean pre-
diction accuracy across all iterations was used as the final performance
estimate. Models were developed in Python 3.13.5 using the Scikit-learn
package.

Three metrics were selected to evaluate model performance and
generalizability: root-mean-square error (RMSE), mean absolute error
(MAE), and coefficient of determination (R?). RMSE represents the
sample standard deviation of the difference between predicted and
observed values and reflects dispersion, with smaller values indicating
better predictive accuracy. MAE measures the average absolute error
between predicted and observed values, and lower values indicate
greater model accuracy. The coefficient of determination (R?) measures
goodness of fit and represents the proportion of total variance explained
by the regression model. Values approaching 1 indicate better fitting
performance. RMSE, MAE, and R2 are defined in Egs. (3), (4), and (5),
respectively [42, 43].

1=n ~
MAE =3 " lyi =¥ 3)
I ~
RMSE = \/ HZ,—ZI o - .Vi)z G
n S\2
Rzzlizijl(yi_Zi)z 5)
2iai—Y)

where yi andy denote the observed value of the i-th sample and the
mean of the actual values of the total samples, respectively; y; represents
the predicted value; and n denotes the number of samples.

The model with the best overall performance was chosen as the
optimal model for later interpretation and analysis.

2.3.4. Evaluation of model reliability

To evaluate whether the integrated dataset provides sufficient sup-
port for optimal model development and to assess the stability of model
performance as the training sample size increases, a learning curve
analysis was conducted. Specifically, 20%, 40%, 60%, 80%, and 100%
of the complete dataset were randomly sampled to generate training
datasets of different sizes. For each sampling proportion, 15 indepen-
dent random samplings were performed using different random seeds.
Each sampled dataset was then randomly divided into training and
testing sets at a ratio of 8:2, and an optimal model was developed
accordingly. Model performance was evaluated using the Pearson cor-
relation coefficient (R) between the predicted and observed values in the
testing set. For each sampling proportion, the mean and standard de-
viation of the testing R values obtained from the 15 repeated runs were
calculated to quantify both predictive performance and model stability.
Finally, learning curves were constructed to characterize the variation in
model performance with increasing training sample size, thereby eval-
uating whether model performance gradually converged to a stable level
and whether the current sample size was sufficient to support reliable
optimal model development.
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2.4. Model interpretation

The differences in performance of the model between the training
and test datasets were typically within an acceptable range; however,
variations were found among individual algorithms and target heavy
metals, reflecting differences in the ability of machine learning models
to capture complex environmental relationships and generalize beyond
the training data (Table S5). In particular, the random forest (RF) model
displayed comparatively high stability across most heavy metal pre-
dictions. By contrast, some individual decision-tree (DT) models
revealed comparatively poor performance on the test dataset, with low
R?values for Zn and Cd predictions (0.32 and 0.28, respectively), sug-
gesting that individual tree models have a limited ability to capture
complex nonlinear environmental interactions. Moreover, GBDT,
XGBoost, and MLP models also displayed certain degrees of training—test
performance discrepancies for some heavy metals, suggesting that pre-
dictive performance is influenced not only by algorithm structure but
also by differences in sample distributions, the complexity of environ-
mental variables, and potentially unobserved factors [41]. Collectively,
although the predictive performance of some models decreased from the
training to the test dataset, most optimized models maintained
comparatively stable predictive capabilities and effectively character-
ized the complex relationships between environmental factors and soil
heavy metal concentrations.

Based on the comparative evaluation of model performance, the RF
model achieved the highest overall predictive accuracy among the tested
algorithms and was therefore selected as the optimal model for subse-
quent analyses. To further evaluate whether the integrated dataset
provided sufficient support for RF model development and to assess the
stability of RF performance with increasing training sample size, a
learning curve analysis was conducted. The analysis revealed distinct
patterns in the predictive performance of the RF models for different
heavy metals as the training sample size increased (Fig. S1). Overall, the
Pearson correlation coefficient (R) between the predicted and observed
values in the testing set generally increased with increasing training
sample size and gradually approached a stable level for most heavy
metals. For As and Zn, model performance improved rapidly with
increasing sample size and reached a plateau, indicating that the inte-
grated dataset was sufficient to support robust model development. For
Cr, Cu, and Pb, model performance continued to improve as the training
sample size increased, suggesting that additional training samples could
further enhance the generalization capability of the models. In contrast,
the performance of the Cd and Ni models exhibited noticeable fluctua-
tions across different sample sizes, indicating relatively limited stability.
For Hg, the testing-set R values remained consistently low regardless of
the training sample size, suggesting that its spatial distribution may be
jointly influenced by environmental factors not included in the current
model and measurement uncertainties. Overall, the learning curve
analysis demonstrated that the integrated dataset was adequate for
developing RF models for most heavy metals and further confirmed that
the current sample size was sufficient to support reliable model training.

An integrated modeling and interpretation framework was subse-
quently established to quantify the relative contributions of anthropo-
genic and natural environmental factors to soil heavy metal
concentrations surrounding iron and steel enterprises. The selected
optimal machine learning model was used to capture nonlinear re-
lationships between predictors and response outcomes. Shapley additive
explanation (SHAP) analysis was then applied to interpret the model
results and evaluate the contribution of each variable [27].

For every predictor i, the Shapley value (¢;) reflects the average
marginal contribution of that variable to the output of the model across
all possible feature combinations. The formulation is expressed in Eq.
(6):
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F represents the full set of covariates, S represents any subset that
excludes variable i, and f(s) indicates the prediction from the model
derived from subset S. SHAP values were calculated using the treeshap
and shapviz packages (https://github.com/ModelOriented/shapviz),
following the conversion of caret-trained models into SHAP-compatible
formats. The importance of variables and their distribution patterns
were presented using beeswarm plots and ranking diagrams produced
by the sv_ importance function.

Generalized additive models (GAMs) were fitted to actual covariate
values (independent variables) and their SHAP values (dependent var-
iables) using the mgev package (https://CRAN.R-project.
org/package=mgcv) to further examine nonlinear responses of the
major influencing variables. SHAP values were estimated at 1000 evenly
spaced points over the predictor range. Zero crossings of the GAM
response curves were numerically identified by the bisection method
and defined as tipping points [44, 45]. These points represent thresholds
at which the marginal effects of covariates on predicted metal concen-
trations change direction. Regions with SHAP values greater than zero
or less than zero were classified as positive- or negative-effect regimes,
respectively.

Finally, pairwise interactions among the three most important
covariates for each heavy metal were visualized using the sv dependence
function. This analysis enabled clearer interpretation of synergistic and
antagonistic interactions between anthropogenic and natural factors
controlling patterns of metal accumulation in soil.

2.5. Geographic detector

The geographic detector is a commonly used spatial statistical
approach for identifying spatial heterogeneity and quantifying how
strongly geographic factors explain the spatial distribution of a given
attribute [46, 47]. Its underlying principle assumes that if an explana-
tory variable has a significant influence on the dependent variable, the
two should exhibit similar spatial distribution patterns. The detector is
calculated as follows:

q=1-SSW/SST=1-3"" Nyo}/No* %)

where q is the explanatory strength of a factor, ranging within [0,1];
larger values indicate stronger spatial heterogeneity of Y and higher
explanatory capacity of factor X for the spatial patternof Y. h=1,...,Lis
the stratification of factor X. N; and N represent the number of units
within layer h and across the entire study area, respectively. 62 and 2
the variance of the dependent variable Y within stratum h and over the
whole region. SSW and SST represent the sum of within-layer variance
and the total regional variance, respectively. The factor detector is used
to quantify the spatial differentiation of Y and to evaluate the explan-
atory ability of a single factor X for its spatial variation, expressed by the
q value. The interaction detector is employed to assess the joint effects
among factors, specifically to examine whether the joint effect of two
factors (Xjand X2) enhances or weakens their capacity to explain the
spatial heterogeneity of Y. The categories of factor interactions are listed
in Table S6.

2.6. Entropy-Weighted TOPSIS Method

The entropy-weighted technique for order preference by similarity to
ideal solution (entropy-weighted TOPSIS) was adopted for a compre-
hensive assessment of the air pollutant emission levels of steel enter-
prises in this work. This method enables objective assignment of
indicator weights based on information entropy and supports a reliable
multi-criteria ranking of enterprises according to their emission per-
formance. Moreover, spatial weighting factors were introduced to

Journal of Hazardous Materials 517 (2026) 143639

account for regional clustering or synergistic effects [48], thereby
enhancing the spatial interpretation of the findings. The detailed pro-
cedures are described in Text S8.

2.7. Soil heavy metal pollution and ecological risk assessment

2.7.1. Data weighting method

Initially, the soil heavy metal content data collected from published
studies were preprocessed. Since multiple studies were conducted
within the same province, the annual average concentrations of soil
heavy metals for each province were calculated according to the number
of sampling points reported in the respective studies:

; " (Cl xN!
le-[ — Zl%& lt]Vi lt) (8)
1=1""1t

where qtdenotes the average content of heavy metal iprovince jduring

year t, Cireflects the content of heavy metal i reported in the I-th study
for the same year, and Ni,is the number of sampling points.

Time weights (w;)represent the relative importance of individual
years, and their accurate determination is essential for later analyses
[49]. Entropy (I) measures information content, with greater values
indicating lower informational contribution. To ensure maximum
extraction of sample information, entropy should be maximized under a
given time ()) when determining time weights. On this basis, the
objective function and constraints for the time weight vector are defined
as follows [50]:

I= max( — Zflwtlnwt> 9

Subject to:
A= max< - Z‘::l (w, x lnw[> (10)
_\r Pt
Sth= Zrzlﬁ X W an

\P
doowe=1, wel01] 12)

where I is the entropy, w, is the weight of the t-th time series, p is the
number of years, and A reflects the importance of data from individual
years. The closer A is to 1, the greater the importance of earlier data;
whereas the closer A is to 0, the more emphasis is placed on recent data
[50]. For the assessment and management of soil pollution by heavy
metals, recent data were regarded as more relevant than earlier data, so
the value of A was set to 0.1. The time-dependent weights were deter-
mined using Python version 3.13.5 and are presented in Table S7.

Next, the average content C}t in different sampling years for each
province was calculated based on the time weights. The average con-
centration for 11 years (covering 2015-2025) C]‘:was calculated as fol-
lows:

C = Z CJ‘ZL X W, 13)

2.7.2. Pollution and ecological risk assessment

The contamination factor (CF) and pollution load index (PLI) were
employed to assess the pollution status of individual soil heavy metals.
The CF measures the extent of accumulation of heavy metals by
comparing measured concentrations with regional background values
[51], and was calculated as follows:

¢ 14
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where C} denotes CF, C; reflects the measured concentration of element i
(mg/kg), and Bjreflects its geochemical background concentration (mg/
kg; see Table S8). The classification criteria for CF are summarized in
Table S9.

The PLI combines multiple trace metal elements within the study
area to assess the overall pollution level of topsoil and was computed
using Egs. (14) and (15) [52].

PLI = {/C} x C} x - x G} (15)

whereC} is the contamination factor index. The classification criteria for
PLI are listed in Table S10. The potential ecological risk index (RI) [51]
accounts for the concentration, toxicity level, and ecological sensitivity
of elements and is widely used to evaluate potential risks to ecosystems
caused by soil heavy metals. RI was calculated using Eq. (16):

i i i ; Gi
JRI:ZE,:ZT,xctf:ZT,Ez 16)

where RI represents the overall potential ecological risk index for all
trace metals; E' represents the ecological risk index of an individual
element; T is the corresponding toxic response coefficient; C} denotes
the contamination factor of the element; C; is the measured concentra-
tion (mg/kg); and Bjis the background concentration (mg/kg) (see
Table S8). The Ti values for Cu, Cr, Ni, Zn, Pb, Cd, As, and Hg are 5, 2, 5,
1, 5, 30, 10, and 40, respectively. The classification criteria for RI are
presented in Table S11.

2.8. Statistical Analysis

Statistical analyses were performed in SPSS 25.0 (IBM Corporation,
Armonk, NY, USA). Data distributions were evaluated using the Sha-
piro-Wilk test, with p > 0.05 indicating normality. Because the data
were not completely normally distributed, Spearman correlation co-
efficients were used to assess relationships among the variables and
observed metal(loid) concentrations. Distance matrices were then con-
structed for natural environmental covariates, anthropogenic cova-
riates, and heavy metal concentrations to investigate the overall
coupling between multidimensional environmental heterogeneity and
spatial variation in metal concentrations. Mantel and partial Mantel
tests quantified correlations among these matrices and evaluated inde-
pendent effects after spatial distance was controlled. Direct inclusion of
the complete set of natural and anthropogenic covariates would have
made the analysis overly complex and difficult to interpret. Therefore,
the drivers of each heavy metal were ranked by SHAP values from the
machine learning models, and the ten most influential variables were
selected for geographic detector analysis. Entropy-weighted TOPSIS was
used to comprehensively evaluate air pollutant emissions from iron and
steel enterprises and compare provinces. At the provincial scale, the
contamination factor (CF), pollution load index (PLI), and risk index
were calculated to evaluate soil heavy metal contamination, with each
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province used as the basic statistical unit.
3. Results and discussion

3.1. Overadll characteristics of heavy metals in soils surrounding iron and
steel enterprises

The descriptive statistics for HM concentrations in soils outside the
boundaries of iron and steel enterprises are presented in Table 1. The
mean concentrations of Cu, Zn, Ni, Pb, Cr, Cd, As, and Hg were 35.64,
91.56, 39.30, 33.93, 62.70, 0.44, 7.82, and 0.72 mg/kg, respectively.
The point exceedance rates of the eight HMs were 3.82%, 2.38%, 1.34%,
0.52%, 0.83%, 12.50%, 0.62%, and 1.03%, respectively, relative to
China’s 2018 agricultural land risk control standards. The CVs of Cu, Ni,
Cd, and Hg were 2.32, 1.32, 2.54, and 14.67, respectively, indicating
marked spatial variability of these four HMs and potential point-source
contamination. A low CV indicates that the element is primarily affected
by the soil background conditions and processes occurring naturally,
whereas a high CV suggests a substantial contribution from anthropo-
genic sources [2, 53]. In this study, except for Cu, Ni, Cd, and Hg, which
showed the highest CVs, the CVs of the other four HMs ranged from 0.66
to 0.89, indicating that they may still be affected by anthropogenic
pollution sources.

The Mantel test identified correlations among natural environmental
covariates, anthropogenic covariates, and heavy metals in soils beyond
the boundaries of iron and steel plants (Fig. 1 and Fig. S2). In particular,
Cu was primarily controlled by geological conditions (altitude, ground
line gradient), soil properties (soil organic matter, clay content, sand
content), and total electricity consumption, while distance to emission
sources indicated a significant role of human activities (p < 0.01). In
particular, soil organic matter and clay minerals enhance Cu immobi-
lization by providing abundant high-affinity adsorption sites through
mechanisms including organic complexation, surface complexation, and
cation exchange, thus reducing Cu mobility in soils [54]. Meanwhile,
Cu-containing particulate matter emitted from industrial activities can
be transported through the atmosphere and later deposited onto soils;
therefore, the distance to emission sources can provide an effective in-
dicator for evaluating the contribution of anthropogenic emissions to Cu
enrichment [8]. Zn was strongly affected by climate conditions (annual
average precipitation, annual average relative humidity, annual average
wind speed), soil properties (soil organic matter, clay content, sand
content), population density, and distance to emission sources. The
enrichment and spatial pattern of Zn in soils are collectively controlled
by soil properties and environmental transport processes. Soil organic
matter and particle composition control Zn retention through adsorption
and binding processes, while precipitation supports Zn migration and
leaching by enhancing hydrological transport [55]. Meanwhile, wind
speed influences the long-range atmospheric transport and deposition of
Zn-containing particulate matter, thus affecting external Zn inputs to
soils [56]. Ni was affected by annual average temperature, annual
average wind speed, soil properties (soil organic matter, sand content,
silt content), atmospheric pollutants (NO, and SO,), carbonaceous

Table 1
Descriptive statistical results of different heavy metals “.
Cu Zn Ni Pb Cr cd As Hg
min (mg/kg) 3.00 8.30 0.04 0.03 10.00 0.01 0.01 0.00
max (mg/kg) 1560.00 980.00 860.00 407.00 324.00 16.00 51.60 292.00
mean (mg/kg) 35.64 91.56 39.30 33.93 62.70 0.44 7.82 0.72
SD (mg/kg) 82.75 81.46 51.75 29.78 41.69 1.11 6.01 10.62
cv 2.32 0.89 1.32 0.88 0.66 2.54 0.77 14.67
Chinese soil criteria 2018 100.00 300.00 190.00 170.00 250.00 0.60 25.00 3.40
pH >7.5 (ng/kg)

point over standard rate 3.82 2.38 1.34 0.52 0.83 12.50 0.62 1.03

a

min, minimum value; max, maximum value; mean, mean value; SD, standard deviation; and CV, coefficient of variation. The dimension is one. The average pH of

the 968 sites sampled was 7.68, and the corresponding soil standard was therefore selected.
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particulates, and several trace elements (Cd, Cr, Ni, As, Pb, Cu, Mn, Se,
V, Zn, Sb, Sn, Fe, and Hg) (p < 0.01), suggesting that atmospheric
deposition represents an important source of Ni. Ni is widely associated
with fine particulate matter emitted from industrial combustion and
metallurgical processes [57]. These Ni-bearing particles can undergo
long-range atmospheric transport and later enter soils through dry and
wet deposition pathways [58]. Thus, the significant correlations be-
tween Ni and atmospheric pollutants, including NO,, SO2, and carbo-
naceous particulate matter, further indicate that atmospheric deposition
represents an important pathway contributing to regional soil Ni
enrichment. Pb was mainly controlled by climate conditions (annual
average temperature, annual average precipitation, annual average
relative humidity, annual average wind speed) and soil properties (clay
content and soil type) (p < 0.01). Climate variables influence Pb
enrichment by affecting the atmospheric transport and deposition pro-
cesses of Pb-bearing particles, and by controlling soil water conditions
and associated processes of migration. By contrast, clay content and soil
type control Pb retention through their effects on adsorption sites, sur-
face binding capacity, and immobilization mechanisms, thus affecting
Pb enrichment in soils [59]. Cr was significantly affected by altitude, soil
organic matter, and population density, and showed positive associa-
tions with NO,, SO,, carbonaceous particulates, and trace elements (Cd,
Cr, Ni, As, Pb, Cu, Mn, Se, V, Zn, Sb, Sn, Fe, Hg) (p < 0.01), demon-
strating the strong role of atmospheric deposition. The migration and
speciation of Cr in soils are mainly controlled by soil geochemical
properties. Soil organic matter and Fe/Mn oxides have important roles
in controlling the transformation among individual Cr fractions by
providing reactive surfaces and affecting Cr binding processes [60].
Meanwhile, atmospheric deposition of particulate matter from

industrial emissions provides additional external inputs of Cr to soils,
further contributing to Cr enrichment. Cd was affected by geological
conditions (altitude, slope), climate conditions (annual average tem-
perature, annual average precipitation, annual average relative hu-
midity), soil properties (soil organic matter, sand content), and
atmospheric pollutants (NO,, SO», and carbonaceous particulates)
(p < 0.01). Topographic and climatic variables control Cd migration
and transformation processes, thus affecting its spatial variability.
Meanwhile, soil organic matter and mineral components determine Cd
adsorption and stabilization through their effects on binding sites and
retention capacity [59]. Additionally, atmospheric emissions of pollut-
ants can enhance external Cd inputs through deposition processes,
further promoting localized Cd enrichment in soils [61]. As exhibited a
more complex pattern, being affected by geological conditions (altitude,
ground line gradient), climate conditions (annual average temperature,
annual average precipitation, annual average relative humidity), soil
properties (soil organic matter, sand content), socio-economic variables
(gross domestic product, population density, total electricity consump-
tion), and trace elements (Cd, Cr, Ni, As, Pb, Cu, Mn, Se, V, Zn, Sb, Sn, Fe,
Hg) (p < 0.01). These results show that As enrichment in soils is
controlled by the joint effects of natural environmental processes and
anthropogenic activities [62-64]. By contrast, Hg was mainly controlled
by soil type and population density (p < 0.01). Collectively, the spatial
pattern of individual heavy metals reflects the joint effects of natural
background conditions and anthropogenic inputs, with atmospheric
pollutants and multi-element co-deposition playing especially important
roles for Ni, Cr, Cd, and As.

Spearman correlation analysis was performed to assess the effects of
natural and anthropogenic covariates on heavy metal concentrations
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(Fig. S3 and Fig. S4). The geological variables showed different patterns:
altitude and ground line gradient were strongly and positively corre-
lated with Cu, Zn, Cr, and Cd concentrations (p < 0.05), whereas alti-
tude alone was negatively correlated with Hg (p < 0.05). Among the
climatic variables, annual average temperature, precipitation, and
relative humidity were significantly and positively associated with Zn,
Pb, Cd, and As (p < 0.05), while annual average wind speed was
negatively associated with Cu, Zn, Cd, and As (p < 0.05). Soil pH was
positively related to Cr but negatively related to Pb, Cd, As, and Hg
(p < 0.05). Soil organic matter showed positive relationships with most
metals, including Cu, Zn, Pb, Cr, Cd, As, and Hg (p < 0.05). Gravel
content was positively associated with Cu, Cr, and Cd (p < 0.05) and
negatively associated with As (p < 0.05). Clay content had significant
positive correlations with Cu, Zn, Ni, Pb, Cd, As, and Hg (p < 0.05),
while sand content had significant negative correlations with all heavy
metals (p < 0.05). Silt content was positively associated with Zn, Ni, and
As (p < 0.05). Soil type and NDVI were also positively related to Zn, Ni,
Pb, As, and Hg (p < 0.05). Significant pairwise correlations were addi-
tionally found among the soil heavy metals.

Gross domestic product (GDP) and population density (POP) were
significantly and positively associated with Cu, Pb, Cd, and As
(p < 0.05), but negatively associated with Zn (p < 0.05). Road network
density (DRN) was positively correlated with Cu and Cr (p < 0.05) and
negatively correlated with Ni and Hg (p < 0.05). The proportion of
secondary industry (PSI), total electricity consumption (TEC), and fer-
tilizer application (FA) showed negative relationships with Cu, Zn, Ni,
Cd, and As (p < 0.05). Product output (PO), an indicator of industrial
activity, was negatively correlated with Cu, Zn, Ni, Pb, and Cd
(p < 0.05). Distance to emission sources (DES) was positively correlated
with Zn and Hg but negatively correlated with Cu. Emissions from iron
and steel enterprises, denoted by abbreviations ending in “E” for the
corresponding pollutants, were negatively related to most heavy metals,
including Cu, Zn, Pb, Cr, and Cd. By contrast, carbonaceous pollutants
such as PM;, BC, OC, and EC were significantly and positively associ-
ated with As (p < 0.05), and most gaseous pollutants were significantly
and positively associated with Hg in soil (p < 0.05). Although iron and
steel enterprises are an important anthropogenic source, soil heavy
metal concentrations reflect long-term cumulative inputs from many
natural and human sources. At the national scale, relationships between
emissions from these enterprises and certain soil heavy metals therefore
may not be simply positive; instead, they represent statistical associa-
tions produced by multiple natural and anthropogenic drivers.

3.2. Effects of natural environmental covariates on soil heavy metal
concentrations surrounding iron and steel enterprises

The concentrations of different heavy metals around steel enterprises
were controlled by multiple interacting factors (Fig. 2 and Fig. S5),
which can be grouped into four dominant mechanisms: meteorological-
topographic control, soil physicochemical control, emission-source
control, and agricultural composite influence. These metals exhibit
both shared characteristics and distinct patterns across categories. For
example, the findings indicate that for As and Cd, the dominant influ-
encing variables include AT, AWS, and topography- or climate-related
factors such as elevation (DEM) and precipitation. This pattern implies
that their deposition processes strongly depend on atmospheric disper-
sion capacity, wet deposition intensity, and terrain-induced blocking
effects. Therefore, As and Cd can be regarded as representative metals
whose spatial deposition is jointly governed by meteorological condi-
tions and topographic constraints. Zn and Ni partially exhibit similar
patterns, with AWS contributing prominently to their SHAP values,
indicating that atmospheric transport remains a key mechanism con-
trolling their distribution. Conversely, the spatial distributions of Cr, Pb,
and Cu are primarily controlled by soil properties, where variables such
as soil organic matter, pH, clay content, and slope are consistently
identified as key predictors, indicating that these metals are typical soil
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adsorption- and surface process-dominated elements. This pattern re-
flects a strong tendency for adsorption, complexation, and fixation by
organic matter and mineral particles, indicating that their spatial vari-
ation is largely governed by surface processes and the adsorption ca-
pacity of soil. Another group of metals, such as Hg, exhibits a distinct
emission source-dominated pattern. The top three variables for Hg are
indicators associated with anthropogenic emissions or industrial struc-
ture (e.g., HgE, PSI, FE), indicating that its spatial differentiation
directly corresponds to variations in industrial emission intensity and
energy structure. Ni is further affected by fertilizer application (FA) and
Cd emissions (CdE), indicating a compound source mechanism jointly
driven by agricultural inputs and industrial releases. Taken together,
these findings highlight systematic differences among heavy metals in
terms of source characteristics, transport processes, and soil adsorption
behavior: meteorological and topographic conditions determine depo-
sition pathways at the atmosphere-surface interface; soil properties
regulate retention and mobility potential; and industrial activities con-
trol the magnitude and spatial heterogeneity of external inputs.
Together, these factors produce multifaceted heavy metal exposure
patterns identified in areas surrounding steel enterprises. Furthermore,
generalized additive models were applied to the identified factors and
their corresponding SHAP values to further characterize their effects
across different value ranges.

3.2.1. Geological conditions

Topographic variables influence soil As and Cr levels by controlling
surface hydrothermal redistribution [22, 65]. In this research, topog-
raphy had a significant effect on soil As and Cr levels (Fig. 3c and
Fig. S6a, p < 0.001). Notably, altitude was the dominant variable con-
trolling the variability of soil As and Cr levels, showing significant
negative associations. Additionally, altitude showed negative effects on
As content when it exceeded the threshold of 100.16 m (Fig. Sé6a,
R?=0.21, p < 0.001). Notably, the SHAP-GAM analysis revealed distinct
elevational threshold responses only for As and Cr, whereas no signifi-
cant elevation-dependent patterns were observed for the other heavy
metals. This finding suggests that the responses of soil heavy metals to
elevation are highly element-specific rather than exhibiting a universal
altitudinal gradient effect [66]. Previous studies have shown that
elevation does not directly control heavy metal levels in soils; instead, it
indirectly controls their transport and redistribution by affecting surface
runoff, soil erosion, sediment deposition, and local hydrological condi-
tions [67]. In addition, pedogenesis and the degree of soil weathering
have been recognized as the primary mechanisms controlling the dis-
tribution of heavy metals along elevational gradients, whereas soil
organic matter and pH generally contribute less to variations in heavy
metal levels in surface soils [68]. For example, in strongly podzolized
soils, heavy metals are prone to leaching from the surface layer and
subsequently accumulate in illuvial horizons. Conversely, at higher el-
evations, where leaching intensity is generally reduced, heavy metals
are more likely to accumulate in surface soils [68]. Therefore, the effect
of elevation on the distribution of heavy metals in soil is primarily
mediated through its regulation of pedogenic processes and leaching
dynamics, and the strength of these indirect effects varies substantially
among individual heavy metals [66, 68].

3.2.2. Climate conditions

Climate, as a dominant control on pedogenic processes, regulates
mineral weathering, elemental transformation, and transport pathways,
thereby controlling the levels and spatial distribution of heavy metals in
soils [14, 60, 69]. Climatic variables were found to be the primary
drivers of soil As and Cd concentrations (Fig. S5), and their effect sizes
exceeded those of other environmental variables in this work. These
findings suggested that climatic conditions exerted a dominant influence
on the concentrations of these two heavy metals.

Among the climatic variables, AT was the most influential factor
affecting total As and Cd concentrations in soil (Fig. 3a & 3b, p < 0.001).
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Fig. 2. Shapley additive explanation (SHAP) values of the 10 leading environmental variables for the contents of (a) As, (b) Cd, (c) Cr, (d) Cu, (e) Hg, (f) Ni, (g) Pb,
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For As, temperature had a negative effect below 13.60 °C and a positive
effect above this threshold (Fig. 3a, R2:0.76, p < 0.001). Cd showed a
similar pattern: temperature had a negative effect below 15.51 °C but a
positive effect above this threshold (Fig. 3b, R?=0.54, p < 0.001).
Temperature was also the second most important factor affecting Pb
concentrations in soil. As observed for As and Cd, the effect on Pb was
negative below 14.31 °C and positive above this threshold (Fig. Sé6g,
R?=0.67, p < 0.001). Notably, the temperature thresholds for these
three metals were all close to 15 °C, showing highly consistent tipping-
point behavior. More specifically, under relatively low mean annual
temperature (MAT) conditions, temperature showed a negative associ-
ation with the accumulation of soil As, Cd, and Pb. This pattern may
reflect the higher temperature sensitivity of soil organic matter
decomposition at low temperatures. Previous studies have demonstrated
that the temperature sensitivity (Q1¢) of soil organic matter decompo-
sition generally decreases with increasing temperature, indicating that
microbial decomposition is more strongly regulated by temperature
under cooler conditions [70, 71]. As a result, within the lower temper-
ature range, increasing temperature may enhance biogeochemical
cycling through stimulated microbial activity and organic matter turn-
over, thereby reducing the accumulation of heavy metals in surface soils.
The sensitivity of microbial processes to further warming appeared to
decline, whereas prolonged exposure to higher temperatures may have
enhanced geochemical processes such as mineral weathering, organic
matter mineralization, and redox reactions when the mean annual
temperature exceeded approximately 15 °C. Additionally, the temper-
ature response of soil organic matter mineralization is jointly regulated
by substrate quality and substrate availability rather than temperature
alone [72], which may further stimulate soil biogeochemical cycling. In
addition, previous studies have demonstrated that mean annual tem-
perature (MAT) is a key driver governing the speciation of soil heavy
metals and exhibits marked nonlinear threshold responses, indicating
that temperature can influence heavy metal migration and trans-
formation by regulating mineral weathering, organic matter decompo-
sition, adsorption-desorption processes, and leaching dynamics [22,
60]. As, Cd, and Pb consistently showed a statistical response threshold
at approximately 15 °C, indicating a similar nonlinear response pattern
to temperature among these elements in the current study. However, it
should be noted that this threshold reflects a nonlinear inflection point
identified by the statistical model, reflecting the statistical relationship
between environmental variables and soil heavy metal concentrations
rather than a geochemically defined critical temperature. Therefore, the
mechanistic interpretations proposed here are intended as plausible
hypotheses supported by existing literature, and the underlying pro-
cesses require further verification through controlled experiments and
long-term field observations.

Annual average wind speed (AWS) was also an important control on
As, Cd, Ni, and Zn concentrations (Fig. S5). For As, AWS had a positive
effect below 2.02m/s and a negative effect above this threshold
(Fig. S7a, R = 0.56, p < 0.001). Greater wind speed may enhance the
dilution and transport of particulate-bound As, thereby reducing surface
deposition and soil accumulation. Cd showed a more complex nonlinear
response. AWS had a positive effect at 1.33-1.86 m/s, a negative effect
at 1.86-2.40 m/s, and again a significant positive effect above 2.40 m/s
(Fig. Séb, R? = 0.36, p < 0.001). This pattern was probably related to
atmospheric transport and deposition: moderate wind favored hori-
zontal dispersion and dilution, whereas stronger wind may have
enhanced downward transport from higher atmospheric layers or pro-
moted resuspension and redeposition [73]. For Ni, AWS had a positive
effect below 1.79 m/s and a negative effect at 1.79-2.59 m/s; this
negative effect became more evident above 2.59 m/s (Fig. S7f, R2=0.42,
p < 0.001). Zn showed comparable thresholds at 1.87 and 2.64 m/s, and
its response resembled that of Ni (Fig. S6h, R?= 0.62, p < 0.001). Thus,
different wind-speed regimes regulated migration and deposition at the
atmosphere-soil interface in distinct ways. Low wind favored particu-
late deposition and local accumulation, moderate wind enhanced
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dispersion and dilution, and high wind probably induced secondary
transport or long-range redistribution, producing marked nonlinear re-
sponses in soil heavy metal concentrations.

Annual average precipitation (AP) had dual effects on metal cycling:
greater mean annual precipitation enhanced weathering and metal in-
puts [60, 69], while also increasing losses through runoff and leaching
[74, 75]. AP showed a nonlinear threshold effect on Cd concentrations
(Fig. S7b, R2:0.2O, p < 0.001). The effect on Cd accumulation was
positive below 566.01 mm and above 1515.38 mm but negative at
566.01-1515.38 mm. Below 566.01 mm, Cd inputs from weathering
exceeded leaching losses, promoting accumulation in soil. Above
1515.38 mm, Cd again showed a positive response despite the expected
increase in leaching. This response may reflect enhanced weathering of
parent materials and Cd inputs, moisture-stimulated microbial adsorp-
tion and recycling, adsorption and complexation by soil organic matter
and Fe-Mn oxides, and local topographic or depositional conditions fa-
voring surface retention. Low and extremely high precipitation therefore
promoted Cd enrichment through different mechanisms, whereas in-
termediate precipitation enhanced leaching and reduced Cd concen-
trations. Annual relative humidity (ARH) also showed a threshold effect
on Cu: the effect was positive below 59.30% and negative above this
threshold (Fig. S6d, R?=0.36, p < 0.001). This pattern probably re-
flected the combined effects of humidity on mineral weathering,
soil-solution transport, and microbial activity [76, 77]. Under low hu-
midity, limited moisture restricted Cu leaching and migration, allowing
Cu released by weathering to accumulate. Above the threshold, greater
moisture promoted Cu migration or loss through leaching, complexa-
tion, and competition for adsorption sites.

3.2.3. Soil properties

Soil pH, soil organic matter (SOM), and clay content directly affected
Cr, Cu, and Pb concentrations. SOM showed threshold-dependent
switching effects on Cr and Pb. Concentrations were suppressed below
the respective SOM thresholds of 10.64 g/kg for Cr and 12.89 g/kg for
Pb but increased above these thresholds (Fig. S7c, R?= 0.63, p < 0.001;
Fig. 3g, R? = 0.70, p < 0.001). Greater SOM may provide additional
binding sites for Cr and Pb, reducing their mobility and leaching through
enhanced complexation and thereby promoting soil accumulation.

Clay content also showed a threshold effect on Pb. Pb concentrations
were suppressed below 229.47 g/kg clay but increased above this
threshold (Fig. S7g, R?2 = 0.62, p < 0.001), probably because more
adsorption sites on clay minerals promoted Pb fixation and enrichment
[68, 69]. Soil pH had a pronounced threshold effect on Cu. The effect
was negative below pH 8.22 and positive above this threshold (Fig. 3d,
R? =0.33, p < 0.001), likely because Cu speciation and its interactions
with soil components vary with pH [78].

Under acidic to weakly alkaline conditions (pH < 8.22), Cu occurred
mainly as divalent ions, experienced strong competitive adsorption with
Fe-Mn oxides and clay minerals, and showed relatively higher solubility,
making it more susceptible to migration through leaching or complex-
ation processes, thereby resulting in lower soil Cu contents [79, 80].
Conversely, under more alkaline conditions (pH > 8.22), deprotonation
of organic matter and mineral surfaces provided more negatively
charged adsorption sites, while Cu more readily formed hydroxyl com-
plexes or basic precipitates, enhancing its adsorption and fixation and
leading to increased accumulation in soils [81]. Taken together, soil pH,
SOM, and clay content regulated variations in Cr, Pb, and Cu contents by
controlling key processes such as adsorption, complexation, and pre-
cipitation, and these effects showed distinct nonlinear threshold
features.

3.2.4. Ecological functions

In this research, the normalized difference vegetation index (NDVI)
was applied as a key indicator of ecological functions to represent
regional vegetation cover and its regulatory capacity in controlling
migration and transformation of pollutants [5]. The results indicated
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that NDVI appeared only among the ten leading variables affecting the
spatial pattern of Hg and ranked fourth in importance (Fig. S5). Hg
showed higher sensitivity to vegetation cover, possibly because of its
strong volatility and re-deposition characteristics compared with other
heavy metals. Vegetation can influence atmospheric Hg deposition and
redistribution through foliar interception, surface adsorption, and
air-vegetation exchange processes [82]. As a result, NDVI showed
greater explanatory power for predicting Hg but was not identified as a
dominant variable for other heavy metals, highlighting the specific role
of vegetation-mediated regulation in the air-soil cycling of Hg.

3.3. Effects of anthropogenic covariates on soil heavy metal
concentrations surrounding iron and steel enterprises

3.3.1. Social economy

Following analysis of the natural environmental controls, the effects
of socio-economic factors on heavy metal concentrations in soils around
iron and steel enterprises were examined. GDP, fertilizer application,
and the proportion of secondary industry (PSI) significantly affected Cu,
Hg, and Ni concentrations (Fig. S4, p < 0.05). GDP was the third most
important factor controlling Cu (Fig. S7d). It had no significant effect
below 27320.33 x 10* yuan/km? but had a positive effect above this
threshold (Fig. S7d, R? = 0.30, p < 0.001). High-GDP regions generally
had more developed economies, more advanced industrial structures,
and greater industrialization, potentially associated with concentrated
or large-scale steel enterprises. Mature heavy-industry systems involve
greater energy consumption, raw-material use, and production in-
tensity, together with flue-gas emissions, storage of Cu-containing solid
waste, and particulate release during transport, all of which may in-
crease Cu inputs to surrounding soils [83]. PSI, the second most influ-
ential factor for Hg, had a U-shaped relationship with Hg concentrations.
The effect was positive below 22.33% and above 65.75% but negative at
22.33%-65.75%. At low PSI, industrialization had begun while
pollution-control infrastructure remained weak, allowing emissions
from light and dispersed industrial sources to accumulate in soil [84,
85]. At high PSI, concentrated heavy industry and greater energy and
coal use increased Hg emissions and soil accumulation. Regions with
moderate PSI generally underwent industrial restructuring, including
the closure or technological upgrading of highly polluting sectors and
improved pollution control, resulting in lower Hg emissions and a
negative effect.

Fertilizer application showed a significant positive effect on Ni
concentrations in soil above a fertilizer application level of 69072.89 t
(Fig. 3f, R2 = 0.91, p < 0.001), indicating that Ni and co-occurring trace
metals from fertilization exceeded soil buffering capacity and, together
with industrial emissions, led to notable Ni enrichment. When fertilizer
application ranged within 3616.36-69072.89 t, the effect was negative,
potentially because moderate fertilization improved soil physicochem-
ical properties and increased organic matter content, thus promoting Ni
binding with organic matter or mineral particles and reducing its
bioavailable concentration [86]. Taken together, these results showed
that human activities increased heavy metal loads through industrial
emissions and that agricultural management practices also significantly
influenced the distribution of Ni in soil.

3.3.2. Industrial activity

Indicators of industrial activity, including emissions of different air
pollutants or trace elements, were major determinants of concentrations
of heavy metals (such as Hg and Zn) in soils (Fig. 3) [4, 87]. HEE, the
most important factor affecting soil Hg contents, displayed a negative
correlation when it exceeded 0.0087 t (Fig. 3e, R? = 0.03, p < 0.001),
possibly because of localized negative effects arising from limited soil
accumulation capacity or environmental regulation under low emission
conditions. FE, another key factor affecting Hg content in soil, revealed
threshold effects at 1.64 t and 47.54 t, respectively (Fig. S7¢, R = 0.17,
p < 0.001). Notably, FE was positively correlated with Hg content in soil
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only within the range of 1.64-47.54 t, which may have enhanced Hg
enrichment by altering soil properties or affecting Hg mobility [88]. Its
effect on Hg content became negative, possibly because of excessive
fluoride reducing the adsorption capacity of soils for Hg or enhancing its
mobility and subsequent loss when FE exceeded 47.54 t. Taken together,
although HgE and FE explained a limited proportion of total variance in
Hg content in soil (as suggested by relatively low R2 values), statistically
significant p-values indicated that their local effects and trends were
reliable. The identified nonlinear threshold effects revealed multifaceted
regulatory mechanisms through which industrial emissions influenced
soil Hg distribution.

For Zn, BCE and NE were two important influencing factors. Their
effects became negative above thresholds of 6.34t and 527.69t,
respectively (Fig. 3h and Fig. S7h), consistent with the Spearman cor-
relation results (Fig. S4). This reversal did not indicate that the emis-
sions suppressed Zn accumulation; rather, it reflected a nonlinear
relationship between emission intensity and the contribution of Zn in-
puts. Below these thresholds, increases in BCE and NE generally corre-
sponded to larger metal inputs or more intensive activity and thus
greater Zn accumulation. Above the thresholds, further emission in-
creases were no longer accompanied by corresponding Zn accumulation,
indicating a diminishing marginal contribution or weaker association
under the combined effects of multiple sources and processes. CdE had a
comparable effect on Ni: above 0.16t, the effect became negative
(Fig. S6f, p < 0.001). This trend did not indicate that Cd emissions
suppressed Ni accumulation but instead reflected a substantial reduction
in the explanatory power of CdE for regional Ni inputs or migration
under high-emission conditions.

3.4. Interactions among important factors and mechanistic insights into
soil heavy metal concentrations surrounding iron and steel enterprises

The present study further investigated pairwise interactions among
principal factors affecting soil heavy metal concentrations using the
SHAP method based on a random forest model (Fig. 4, Figs. S8 and S9).
Collectively, these findings suggested co-regulated mechanisms in
which atmospheric processes, topographic features, soil physicochem-
ical properties, and anthropogenic emissions collectively controlled
accumulation of heavy metals in the environment. Taking climate fac-
tors as an example, individual combinations of annual average tem-
perature with altitude, annual average wind speed, and annual average
precipitation revealed greater SHAP variability for most metals (e.g., As,
Cd, Pb) under moderate environmental gradients. This indicated that
deposition, transport, or dilution processes of metals were most sensitive
to external disturbances within this range. Interactions among factors
regulating specific soil heavy metal forms also displayed distinct pat-
terns. High elevation, low annual average wind speed, or comparatively
low annual average precipitation were associated with enhanced
deposition or limited dispersion, thereby affecting enrichment levels of
As, Cd, and Zn. Interactions between geological conditions and soil
properties (e.g., elevation-slope, SOM—clay content) revealed distinct
threshold characteristics for metals such as Cr and Pb, suggesting that
surface structure and physicochemical conditions collectively controlled
their retention or mobility. Coupling between anthropogenic factors (e.
g., black carbon emissions, NO, emissions, Cd emissions, and industrial
structure) and meteorological conditions revealed mixed positive and
negative responses for Hg, Ni, and Zn, suggesting that intensity of
emissions and diffusion background together determined the direction
and magnitude of surface accumulation. Collectively, the integrated
interaction effects of individual heavy metals suggested a consistent
pattern: spatial distribution of each metal could not be explained inde-
pendently by a single factor, and their environmental behavior was
typically driven jointly by several variables, with sensitivity peaking
under moderate environmental gradients.

The preceding analysis established a machine learning framework
for predicting heavy metal concentrations and identified the dominant



X. Xu et al.

0.04

~

a)

0.02

o
1=
S

AT and DEM

-0.02

SHAP interaction value for

-0.04 4

5.0

o
DEM and Slope ~
° =
wn (=]
L]

o
o
)

SHAP interaction value for

T T T T
150 175 200 225

AT

T
75 10.0 125

-0.51 o8

(e) 0.0100

0.0075

HgE and PSI
o o o
g 8 8
g & 3

T T T
1000 1500 2000

DEM

-0.0025

SHAP interaction value for

-0.0050

-0.0075

S Simatas :

o
%
L

SOM and AT
)
(=)

SHAP interaction value for
N
S

S
%)
L

T T T T
020 025 030 035

HgE

T T T T
0.00 0.05 0.10 0.15

I
=3

10 20 30 40 50 60 70
SOM

2000
1750
- 1500
- 1250
=
- 1000 =
[a)
- 750
- 500

250

70
- 60

-50

PSI

- 40

-30

20

225

-20.0

-17.5

-150 &

A

- 125

-10.0

7.5

Journal of Hazardous Materials 517 (2026) 143639

L]
(b) 0.004 1
2.6
= 0.003
S -24
L
=
T 0.0027 -22
zZ
'E s 0.001 2.0 é’
52 1 . - 2.
g8 . z
S 26 ®
£ < 0.000 = g - 1.8
o, emoe 0° o
-
7 -0.001 1.6
-0.002 14
50 75 100 125 150 175 200 225
AT
0.3
(d) ‘ 30
0.2
.
] - 75
) 0.1 4
=
sz
; & 0.0 __A...A.._.'....‘A.‘._.-s?_\.. 70
S< o)
52 I~
=}
£ 3 0.1 e -65 <
EE
Ay 4
< 02 - 60
T
w1
0.3 A
55
0.4
5 6 7 8 9 10
pH
0.5
(f) 0.4
L 031 04
it
g 0.2 4
<
Z8 o1 -03
o}
2 m
52 A b : =B
g g 001 ; = - 3
s< . |
= 0.1 0.2
[~ [
<
T -02
@ . 0.1
0.3
044 °
0 20000 40000 60000 80000 100000
FA
(h) 0.50 -
0.25 - 26
& 000 Pzt —— -24
= oo o8 .
S 025 .
‘; 3 - -22
e
g :5 -0.50 4 »
b -] . -20 =
g3 <
SH 075
E A -18
2 -1.001
% 16
1254
14
-1.50 4
0 20 40 60 80 100
BCE
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natural and anthropogenic covariates using SHAP values. Generalized
additive models (GAMs) were then used to characterize nonlinear re-
sponses and potential thresholds of the major drivers. However, SHAP
and GAM contributions are based mainly on statistical model inference
and do not directly represent the spatial heterogeneity of the drivers or
their explanatory power for spatial patterns in heavy metal concentra-
tions. Geographic detector analysis was therefore used to evaluate the
spatial explanatory power (q value) of the major factors and their in-
teractions. This analysis validated the robustness of the machine
learning results and improved understanding of the mechanisms un-
derlying the spatial distributions of heavy metals.

Considering the large number of natural environmental covariates
and anthropogenic covariates, direct inclusion of all variables could
make the analyses overly complex and difficult to interpret. Thus, for
every heavy metal, SHAP values from the machine learning models were
employed to rank driving factors, and the ten most influential variables
were chosen for geographic detector analysis. Subsequently, single-
factor q values of principal variables were determined for every metal,
and pairwise interactions were then examined to reveal spatial hetero-
geneity and combined influences on heavy metal concentration patterns.
This approach integrated importance inferred from statistical modeling
with a spatial heterogeneity perspective, thereby improving the mech-
anistic understanding of heavy metal spatial distributions.

For the 10 principal SHAP-ranked drivers of heavy metal spatial
distributions in soils around steel enterprises, geographic detector
interaction analysis revealed that spatial heterogeneity of all examined
metals was generally governed by multi-factor coupling, with nonlinear
enhancement as the dominant interaction mode (Fig. S10). For most
pairwise combinations, the interaction explanatory power substantially
exceeded that of individual factors and generally exceeded max(A, B),
indicating that meteorological conditions (e.g., AT, AWS, AP, ARH), soil
physicochemical properties (e.g., pH, TEC, clay, SOM, sand, silt, DEM,
slope), geological conditions, socio-economic factors (e.g., POP, PSI),
and industrial activity indicators (e.g., DE, IPME, CuE, CdE, NiE, HgE)
produced a cumulative amplifying effect on spatial distributions of
heavy metals. Certain metals displayed two-factor enhancement effects
under specific factor combinations. For instance, Cu showed a marked
increase in spatial explanatory power under the combined effect of
temperature (AT) and altitude (DEM); Zn was notably sensitive to
combinations of black carbon emissions (BCE)-sand content (Sand) and
NO, emissions (NE)-altitude (DEM); Ni revealed notable effects under
the interaction between fertilizer application (FA) and Cd emissions
(CdE); Pb revealed enhancement for TEC-AP, As for AT-ARH and
AP-POP, and Hg for HgE-NiE and PSI-AWS combinations. These find-
ings showed that interactions among specific factors could substantially
enhance their explanatory power for spatial distributions of heavy
metals.

In particular, spatial patterns of individual heavy metals were clearly
controlled by coupled effects of several sources. Cu, Zn, and Ni were
mainly driven by joint effects of meteorological conditions, soil back-
ground conditions, and anthropogenic emissions, with their spatial
heterogeneity demonstrating strong nonlinear additive effects. Distri-
butions of Pb, Cr, and Cd largely depended on interactions among soil
properties, geological conditions, and regional human activities, indi-
cating a typical multidimensional coupling mechanism. The enrichment
and transport of As and Hg were affected by complex nonlinear in-
teractions among meteorological variables, soil background conditions,
land use, and emission sources. Collectively, the formation mechanisms
of all examined heavy metals displayed pronounced multidimensional
interactions and nonlinear characteristics, suggesting that single vari-
ables could not adequately explain their spatial patterns and that these
distributions should be interpreted from the perspective of coupled
driving forces.
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3.5. Emission performance of iron and steel enterprises and provincial-
scale soil heavy metal contamination assessment

Based on the province-level weighted average score S,, emission-
control performance of the iron and steel industry was divided into
three levels: high performance (S,>0.80), medium performance (0.50
< S, <0.80), and low performance (S,<0.50). These scores represent the
relative performance of enterprises across multiple pollutants and
should not be interpreted as direct measures of the environmental or
health hazards of individual pollutants. They should therefore be
regarded as indicators of comprehensive emission performance rather
than environmental or health risk. Shanghai, Guangdong, and Shaanxi
were classified as low-performance provinces, indicating considerable
scope for improving pollution control, operational stability of abatement
facilities, and compliance with emission standards. Medium-
performance provinces occurred mainly in northern China, including
Hebei, Shanxi, and Inner Mongolia, and in central and southern China,
including Hunan and Henan (Table S12). These provinces have estab-
lished a foundation for emission control but retain structural potential
for improvement. High-performance provinces were concentrated in
eastern China, including Anhui, Shandong, Jiangxi, and Zhejiang, and in
northeastern China, including Jilin and Heilongjiang. These regions
generally had more advanced emission-reduction measures, wider
adoption of pollution-control technologies, and better production-
process management, indicating comparatively strong governance and
effective mitigation. The performance distribution demonstrates
regional heterogeneity in emission control across China’s iron and steel
industry and supports spatially differentiated analyses and targeted
policy interventions.

Sample-based results showed that soil heavy metal contamination
around iron and steel enterprises differed among provinces (Table S13).
Contamination factors (CF) and the pollution load index (PLI) were
therefore calculated. As shown in Fig. 5, the CF values revealed distinct
spatial patterns among the metals. Cd and Hg were the dominant pol-
lutants: Cd reached high pollution levels (CF > 6) in Shanxi, Zhejiang,
and Ningxia, while Hg showed markedly high values in Qinghai, Ning-
xia, Guangdong, and Guizhou. Pb reached a considerable pollution level
(3 < CF < 6) in Shaanxi, Gansu, and Liaoning, whereas Ni reached high
pollution (CF > 6) in Jilin and clearly exceeded the levels in other re-
gions. Cu and Zn generally showed moderate pollution, although Cu
reached a considerable level in Hebei and Xinjiang. Cr and As contam-
ination was usually low, with most provinces remaining at low to
moderate levels.

Fig. 6a presents the provincial distribution of the pollution load
index for eight heavy metals in soils around iron and steel enterprises.
Overall, six provinces were classified as “unpolluted” (Class 0), and
twenty-two were classified as “slightly polluted” (Class I). Within Class I,
comparatively high PLI values occurred in the northwestern provinces of
Ningxia and Gansu, the northern provinces of Inner Mongolia and
Shanxi, the northeastern province of Liaoning, the central-southern
provinces of Hunan and Guangdong, and the eastern province of
Zhejiang.

The RI index was used to evaluate the ecological risks of eight heavy
metals in soils around iron and steel enterprises across regions (Fig. 6b).
RI values showed clear spatial differences among provinces. Ecological
risk was comparatively high in northern and northeastern regions,
including Hebei, Shanxi, Tianjin, Jilin, and Heilongjiang, whereas most
eastern and southwestern provinces had moderate risk. Qinghai,
Shanghai, Chongqing, Guangxi, Shandong, and Xinjiang showed low
ecological risk. The high-risk provinces in northern and northeastern
China were mainly traditional steel-producing areas, while ecological
risk in northwestern and southwestern China was generally moderate.
These patterns demonstrate regional heterogeneity in the potential
ecological risks of soil heavy metals in China and provide a scientific
reference for region-specific pollution control and ecological
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Fig. 5. Spatial distribution of eight trace metal(loid)s in soils surrounding iron and steel enterprises based on contamination factor (CF) index assessment.
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3.6. Policy implications

Clear spatial differences were found in emission-control performance
of the iron and steel industry, soil heavy metal contamination, and
related ecological risks in China, providing a basis for differentiated and
targeted policy measures. First, emission performance was closely
associated with contamination levels in soils around iron and steel en-
terprises. In low-performance provinces, including Shanghai, Guang-
dong, and Shaanxi, contamination factors (CF) for Pb, Hg, and other
metals were comparatively high. Hg reached a high pollution level in
Guangdong, while Pb reached a considerable level in Shaanxi and
Shanghai, indicating insufficient pollution-control capacity and inade-
quate operational stability of end-of-pipe treatment facilities. Provinces
with medium performance, including Hebei, Shanxi, Inner Mongolia,
Hunan, and Henan, had established a foundation for emission reduction;
however, Cd, Hg, and Pb contamination in some areas remained mod-
erate to considerable and occasionally reached high levels. For example,
Cd pollution was high in Shanxi and considerable in Hunan, while Hg
pollution was considerable in Hebei and Shanxi. Further improvement
in governance structures and application of control technologies is
therefore still required.

High-performance provinces, including Anhui, Shandong, Jiangxi,
Zhejiang, Jilin, and Heilongjiang, generally showed lower soil heavy
metal contamination, and most elements remained at low to moderate
levels. Ecological risks in Anhui, Jiangxi, and Shandong were mainly
low to moderate, reflecting comparatively effective ultra-low-emission
retrofits, pollution-control technologies, and production-process man-
agement. Existing achievements should be maintained in these regions
while green process innovation and cleaner production continue to be
promoted. By contrast, Jilin, Heilongjiang, and Zhejiang showed high
ecological risk, mainly because of the intensified effects of highly toxic
Cd and Hg. Risk management in these provinces should therefore shift
from total-quantity control toward targeted regulation of high-risk ele-
ments. Second, policy measures should account for regional differences
and adopt governance strategies suited to local performance and
contamination levels. In high-pollution and high-risk areas, emission-
control capacity, soil monitoring, and remediation should be strength-
ened, and efficient emission-reduction and cleaner-production technol-
ogies should be promoted to control both sources and environmental
risks. Source-oriented strategies should also reflect the actual processes
used by iron and steel enterprises. Emissions from sintering, coking, and
blast-furnace operations require particular attention, together with
improved operation and maintenance of dust-collection systems, tighter
control of fugitive emissions, and broader use of cleaner-production
technologies. In moderate-risk regions, current governance should be
maintained while technological structures, management efficiency,
monitoring of major pollutants, and source control are improved. Low-
risk regions should focus on ecological protection and pollution
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prevention to protect soil quality and ecosystem integrity from new
emission pressures. Finally, a regionally differentiated integrated
framework should combine industry emission performance, soil heavy
metal contamination, and ecological risk within a unified assessment
system. Integration of emission mitigation with soil ecological risk
management can support graded and precise policies, sustainable
development of iron and steel enterprises, and regional ecological
security.

3.7. Limitations

Several limitations may affect the overall comprehensiveness of the
findings. First, the analysis was based on publicly available soil moni-
toring and enterprise emission data, limiting spatial coverage to 28
provinces. Although this may reduce national representativeness, the
included regions encompass substantial environmental heterogeneity
and are sufficient to capture the dominant spatial patterns of soil heavy
metal contamination. Second, the machine learning framework com-
bined with SHAP analysis effectively identified influential drivers and
their relative importance, but the results depend on the availability,
completeness, and accuracy of the input variables. Relevant factors
omitted from the dataset may therefore introduce uncertainty into the
estimated contribution of each driver. Nonlinear responses and potential
tipping points were investigated using SHAP-GAM, while pairwise
interaction analysis and geographic detector methods were used to
characterize synergistic effects and the spatial explanatory power of
major factors. Because these analyses were based mainly on cross-
sectional observations, the identified thresholds, interactions, and
spatial differentiation patterns should be interpreted as statistical asso-
ciations rather than causal relationships. Larger, long-term monitoring
datasets and independent validation data should be incorporated in
future research to evaluate the stability, robustness, and transferability
of nonlinear thresholds across temporal scales and environmental set-
tings. Soil heavy metal contamination and ecological risk were assessed
from measured concentrations using common indices, including the
contamination factor, pollution load index, and potential ecological risk
index. These indices do not directly account for dynamic soil processes,
long-term accumulation, or diffuse nonpoint sources, which may affect
the accuracy of contamination and risk assessment. Atmospheric trans-
port processes, including wind direction, atmospheric dispersion, and
dry and wet deposition, were also not explicitly incorporated. Conse-
quently, the enterprise emission variables reflected statistical relation-
ships between industrial emission intensity and soil heavy metal
concentrations rather than actual pollution exposure at individual
sampling locations. Future work should expand spatial coverage
through larger and denser soil monitoring datasets and should develop
region-specific models for different climatic zones, soil types, and
topographic conditions. These efforts would clarify the mechanisms of
heavy metal migration and accumulation under varied environmental
settings, reveal regional differences in the importance of individual
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drivers, and improve the regional applicability of the proposed
framework.

In addition, atmospheric dispersion or regional chemical transport
models should be integrated with high-resolution meteorological data to
simulate pollutant transport, dispersion, and deposition more realisti-
cally. Environmental and socioeconomic variables with finer spatial and
temporal resolutions should also be combined with long-term moni-
toring datasets and multisource environmental information to charac-
terize the spatial exposure relationship between industrial emissions and
soil heavy metal accumulation more accurately. Future studies should
integrate process-level emission inventories with continuous emission-
monitoring data from steel enterprises to quantify the contributions of
different production processes to off-site soil heavy metal accumulation.
This approach would identify critical emission stages, improve source-
specific attribution of soil contamination, and provide a stronger sci-
entific basis for more effective and targeted pollution prevention and
control. These improvements would enhance the physical interpret-
ability and predictive reliability of the model and provide deeper insight
into the drivers and ecological risks of soil heavy metal pollution near
steel enterprises.

4. Conclusions

Natural and anthropogenic covariates affecting heavy metal
contamination in soils around iron and steel enterprises were system-
atically identified. SHAP analysis was integrated with generalized ad-
ditive models (GAMs) to determine tipping points for individual factors
and reveal nonlinear threshold effects. Heavy metal concentrations near
steel plants were jointly controlled by natural and anthropogenic factors
and showed clear nonlinear responses. Topography and soil properties
affected metal accumulation through hydrothermal redistribution,
organic matter dynamics, and adsorption. Climate variables, especially
temperature, precipitation, and wind speed, were dominant controls,
with consistent tipping points of ~15 °C for As, Cd, and Pb. Vegetation
coverage mainly affected Hg, whereas socio-economic conditions and
industrial emissions significantly modulated the distributions of Cu, Hg,
Ni, and Zn, often with nonlinear or diminishing responses at high input
levels. These findings demonstrate the complex, threshold-dependent
interactions through which environmental and human drivers shape
heavy metal accumulation and spatial patterns in soil, providing a sci-
entific basis for targeted pollution control and risk management.

Pairwise interactions among major drivers of soil heavy metals were
further evaluated using SHAP values from random forest models.
Climate variables, including temperature (tipping point of about 15 °C),
wind speed (1.33-2.64m/s), and precipitation (566-1515 mm),
showed marked SHAP variability under moderate gradients, indicating
sensitive metal deposition and migration. Interactions between topog-
raphy and soil, such as elevation-slope and SOM-clay, and between
anthropogenic and climatic factors, such as Hg emissions-Ni emissions
and PSI-AWS, substantially affected specific metals. Most factor pairs
enhanced explanatory power nonlinearly and often exceeded the
maximum single-factor g-values obtained by Geodetector analysis. For
example, Cu accumulation was strongly amplified by the interaction
between average temperature and elevation, Zn by bulk density and
sand content, and Ni by fine soil fraction and Cd emissions. The spatial
heterogeneity of As, Cd, Pb, Cr, Cu, Zn, Ni, and Hg was therefore gov-
erned by multifactorial, threshold-dependent interactions, highlighting
the importance of coupled natural and anthropogenic drivers in risk
assessment and management.

At the provincial level, emission performance of China’s iron and
steel industry was classified as high (S, > 0.80), medium (0.50 < S, <
0.80), or low (S, < 0.50). Low performance occurred in Shanghai and
Guangdong, while most northern and central-southern provinces
showed moderate performance. Comparatively high performance was
found in several eastern provinces, including Anhui, Shandong, Jiangxi,
and Zhejiang, and in northeastern provinces such as Jilin and
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Heilongjiang. Contamination patterns varied considerably among heavy
metals. Cd and Hg were the most prominent pollutants; Pb reached a
considerable pollution level in Shaanxi, Gansu, Liaoning, and other
provinces, whereas Ni reached a high level in Jilin Province. Cu and Zn
generally showed moderate pollution, while Cr and As remained rela-
tively low. Based on PLI, about 21% of the provinces were classified as
the “unpolluted” level (Class 0), and about 79% were categorized as
“slightly polluted” level (Class I). RI assessment indicated elevated
ecological risks in northern and northeastern regions. These findings
provide a quantitative basis for region-specific pollution mitigation and
risk management. Precision management should focus on principal
drivers and high-risk areas, with optimized emission-control and soil-
monitoring systems used to reduce heavy metal contamination and
potential ecological risks and promote sustainable development of the
iron and steel industry.

Environmental implication

The mechanisms through which natural and anthropogenic cova-
riates influence heavy metals in soils outside the boundaries of iron and
steel enterprises were systematically examined, revealing nonlinear and
threshold-dependent responses to coupled drivers. The entropy-
weighted TOPSIS method was also used to evaluate atmospheric
pollutant emission performance among provinces and to assess soil
heavy metal pollution and ecological risks. The findings offer a scientific
basis for identifying high-risk areas, implementing precise emission
management, and coordinating multifactor governance. They also pro-
vide methodological support for green and low-carbon development in
the steel industry and for regional environmental management.

Statement of significance

The mechanisms through which natural and anthropogenic cova-
riates influence heavy metals in soils outside the boundaries of iron and
steel enterprises were systematically examined, revealing nonlinear and
threshold-dependent responses to coupled drivers. The entropy-
weighted TOPSIS method was also used to evaluate atmospheric
pollutant emission performance among provinces and to assess soil
heavy metal pollution and ecological risks. The findings offer a scientific
basis for identifying high-risk areas, implementing precise emission
management, and coordinating multifactor governance. They also pro-
vide methodological support for green and low-carbon development in
the steel industry and for regional environmental management.
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