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Excessive enrichment of soil heavy metals seriously damages human health and soil environment.
Exploring the spatiotemporal patterns and detecting the influencing factors are conducive to
developing targeted risk management and control. Based on the soil samples of Co, Cr, Cu, Mn, Ni,
Pb, Zn, and Cd collected in one typical industrialized region in China from 2016 to 2019, this study
analyzed the spatiotemporal pattern of geo-accumulation risk and potential ecological risk based on
the spatiotemporal ordinary kriging (STOK) prediction, and probed the driving forces of heavy metal
increments with the random forest (RF) regression model. The risk assessment revealed that soils were
seriously contaminated by Pb, Cd, and Cu, moderately contaminated by Zn and Mn, and
uncontaminated by Co, Cr, and Ni; more than 30% of areas had moderate to high potential ecological
risks. From 2016 to 2019, soil heavy metal contents increased in more than 50% of regions and the
growth rates of accumulations were ranked as Co (65%) > Ni (56%) > Mn (43%) > Pb (40%) > Cr (36%) >
Zn (31%) > Cu (23%) > Cd (3%). High contents and increases of heavy metals in soils near industrial
lands are higher. Smelter (24%), mine (20%), and factory (12%) were the major contributing factors for
these heavy metal increments, followed by transportation (6%) and population (5%). The results
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DOI: 10.1039/d2em00487a indicated that the management of industrial discharge and contaminated soils should be strengthened

rsc.li/espi to prevent the worsening soil heavy metal pollution in the study area.

Environmental significance

Soil heavy metal pollution is one of the major reasons for soil environment damage, especially in industrial regions due to rapid urbanization and industri-
alization development. The present study estimated the spatiotemporal distribution of soil heavy metal concentrations, assessed the pollution risks, and probed
the driving forces of increments based on long-term soil sampling data in one typical industrialized region in China. This research revealed the spatiotemporal
pattern of soil heavy metal pollution and the contributing sources of pollution increase, which provides the base for the prevention and control of soil heavy
metal pollution.

regions was 33.4%.* Therefore, intensively monitoring the
soil heavy metal pollution risk and exploring the pollution

1 Introduction

Soil heavy metal pollution is one of the major reasons for soil
environment damage, and exposure to heavy metals may pose
a health risk to human beings.* Soil heavy metal pollution is
increasingly severe and in more urgent need of attention in
China, especially in industrial regions due to rapid urbani-
zation and industrialization development.** China's national
communique of the soil pollution survey stated that the over-
standard rate of soil heavy metals in industrial and mining
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sources are necessary for the prevention and control of soil
pollution.

Thus far, many studies developed a pollution risk assess-
ment of soil heavy metals based on the current
investigation.>® In accordance with different pollution risk
indices (e.g., geo-accumulation index and ecological risk
index), these studies analyzed the spatial pattern of the soil
heavy metal cumulation degree and integrated pollution risks,
and identified the regions under priority control. Moreover,
some researchers also explored the contribution of pollution
sources and heavy metal to pollution risk under different land
uses by combining risk assessment indices and source
apportionment methods, which quantitatively revealed the
contributing sources and spatial heterogeneity of soil heavy
metal pollution risks.'**> However, soil heavy metal pollution
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usually has temporal variation due to its enrichment, diffu-
sion, and the influence of anthropogenic activities.**** Thus,
only monitoring the spatiotemporal pattern of soil heavy
metals can provide more valid recommendations for pollution
control.

The spatiotemporal prediction of soil heavy metal pollution is
the key step to realize dynamic monitoring, but it received less
attention due to its high cost and long-term labor-intensive
implementations. Jiang et al.™® used ordinary kriging to explore
the spatiotemporal variation of soil heavy metals in 1983 and 2010
in the Poyang Lake region of China. He et al.® employed the
inverse distance weight method to probe the temporal changes of
soil heavy metal distribution in 2011 and 2016 in Wenling.
Taghizadeh-Mehrjardi et al.*® used the random forest (RF) model
with multiple environmental variables to predict the spatial
distribution of soil heavy metals in the Yazd Province of Iran in
1986, 1999, 2010, and 2016. The above studies all used spatial
prediction methods because of their attention only on the soil
heavy metal pollution in several discontinuous periods, and these
methods have high requirement for the spatial distribution of soil
samples in each period. Although the application of auxiliary data
can improve the accuracy of spatial prediction to a certain extent,
collecting contemporaneous environmental data completely is
difficult due to the limitations of the regional scale and research
period. Spatiotemporal ordinary kriging (STOK) is a spatiotem-
poral geostatistical method based on the temporal and spatial
variations of the estimated attribute."” Because of its higher
convenience and independence from auxiliary data, STOK has
been extensively used in predicting the spatiotemporal distribu-
tion of various environmental properties, such as water nitrogen,®
precipitation,” and soil organic matter.”® In the absence of
auxiliary data, whether it can better estimate the spatiotemporal
distribution of heavy metals only based on soil samples needs to
be explored. Thus, STOK is employed to explore the spatiotem-
poral pattern of regional soil heavy metal pollution in the present
study.

Another focused study is to explore the driving forces of soil
heavy metals, which is useful for understanding the pollutant
sources and controlling pollution. To date, numerous studies
found that soil heavy metal pollution results from multiple
environmental variables, for example, soil properties, vegeta-
tion, socioeconomic factors, agriculture production, trans-
portation, and industrial activities.”*** However, few studies
paid attention to the environmental effects on soil heavy metal
increments. Analyzing the driving factors for heavy metal
contents can reveal the pollution sources with a long-term
effect, whereas analyzing the driving factors for heavy metal
increments can reveal the pollution sources with a short-term
effect. Compared with the former, the latter is more instructive
for the management and control of soil heavy metal pollution
deterioration in one short period.

With the development of the stochastic simulation tech-
nique, the RF model has gradually been applied to the driving
mechanism analysis. RF is a commonly used data mining
algorithm based on machine learning theory, and has an
outstanding ability to capture nonlinear relationships and
insensitivity to outliers.”* It has been increasingly employed to
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probe the driving forces of various environmental pollutants
because it can provide a deeper understanding of predictor
contributions and more accurately identify the dominant
factors.”®**>?¢ Based on the above background, this study
employed the RF model to explore the contributing factors for
soil heavy metal increments.

In view of the above considerations, taking a typical industri-
alized area in central China as the study area, we investigated the
soil Co, Cr, Cu, Mn, Ni, Pb, Zn, and Cd pollution from 2016 to
2019. The objectives of this study were as follows: (a) to estimate
the spatiotemporal distribution of soil heavy metal contents with
STOK, (b) to assess the soil heavy metal pollution risks, and (c) to
analyze the driving forces of heavy metal increments. The results
will provide the spatiotemporal dynamic pattern of soil heavy
metal pollution risks and information regarding the contributing
sources for heavy metal increments, which are useful for control-
ling heavy metal pollution and protecting the soil environment in
the industrial area.

2 Materials and methods
2.1 Study area and soil sample collection

The study area is one typical industrialized area located in central
China, which has a total area of 184.68 km?. In accordance with
the remote sensing image interpretation and field survey, the main
types of land use in the study area are paddy (23%), mountain and
forest (18%), dry land (17%), urban (11%), and the total percentage
of industrial and mining land (including factory, mine, and
smelter) is approximately 11%. A total of 829 topsoil samples (0-20
cm depth) were collected from 2016 to 2019 to monitor the
spatiotemporal pattern of soil heavy metal pollution (Fig. 1). All
soil samples were air-dried in a room and passed through a 100-

Samples in 2016
= Samples in 2017
* Samples in 2018
«  Samples in 2019
— Road
B223 Countryside (9%)
[ IDry land (17%)
I General Factory (5%)
Il Mine (5%)
[ Mountain and forest (18%)
- Paddy (23%)
Il Smelter (1%)
[ Unused land (5%)
V27 Urban (11%)
I Water (6%)

 km

Fig.1 Spatial distribution of soil samples from 2016 to 2019, roads and
land use in the study area.
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mesh polyethylene sieve, and the milled samples were used to
analyze the heavy metal concentration. About 0.20 g of each
sample was weighed in a digestion vessel, and 8 ml HNO; and 2 ml
HF were added for microwave digestion. The concentrations of Co,
Cr, Cu, Mn, Ni, Pb, Zn, and Cd were determined by inductively
coupled plasma-mass spectrometry. The analysis precision was
controlled by checking the reagent blanks and standard reference
materials (GBW07403, the National Research Center for Certified
Reference Materials of China). The recoveries of samples spiked
with standards of all elements were about 91-112%, indicating
a good accuracy of the analytical method. In this study, the sample
was acceptable when the relative standard deviation of the dupli-
cate samples was within 10%. The calibration curves of each
element were constructed by using the linear regression model
based on mixed standard solutions, and the correlation coeffi-
cients of the curves were all larger than 0.9999. The limit of
detection (LOD) values of Co, Cr, Cu, Mn, Ni, Pb, Zn, and Cd are
0.12,0.61, 0.27, 0.36, 0.14, 0.31, 1.00, and 0.01 mg L™, respectively,
and the limit of quantification (LOQ) values are 0.42, 2.03, 0.90,
1.18, 0.48, 1.02, 3.33, and 0.04 mg L™, respectively.

2.2 Spatiotemporal prediction of soil heavy metals

The soil heavy metal content is an environmental attribute
distributed continuously in space and time dimensions. Thus,
the soil heavy metal content can be defined based on the space-
time random field as C(p) = {C:p = (s, t), s = (51, S2) € S, t € T},
where C(p) is the value of the soil heavy metal concentration at
space-time point p with space domain S(S € R*) and time
domain T(T C R), s is the spatial coordinate, and ¢ is the time.
Based on the space-time random field, STOK is conducted
through the following steps.

First, the empirical spatiotemporal semi-variogram is
calculated to characterize the spatiotemporal variation of soil
heavy metal concentrations.”” The empirical spatiotemporal
semi-variogram is calculated by using eqn (1), where Ag and Ay
are the space and time lags, respectively, and N(hs, hr) is the
number of pairs of points with the space lag (hs) and time
lag (At).

1 N(hs Jir)

hs, hT Z [C Siy ti

i=1

¥(hs, hr) = C(s;+hs, t;+hr))

1)

Then, the theoretical spatiotemporal semi-variogram model
is simulated. The temporal variation characteristics of soil
heavy metal concentrations are complex due to the spatiotem-
poral change of their source and soil environment. To obtain
the theoretical spatiotemporal semi-variogram with higher
quality, two functions were used to simulate the theoretical
semi-variogram of soil heavy metal pollution, as shown in eqn
(2) and (3). Eqn (2) is a spatiotemporal non-separable variogram
model and is suitable for the spatiotemporal semi-variogram
without remarkable fluctuation at space and time scales. Eqn
(3) is a spatiotemporal separable variogram model and is suit-
able for a spatiotemporal semi-variogram with remarkable
fluctuation in the time scale.
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Finally, the theoretical spatiotemporal semi-variogram is
used to generate the weights of neighboring points by solving
matrix eqn (4)," where y(p;, p;) is the theoretical spatiotem-
poral semi-variogram between points p; and p;, and 2, is the
weight of sample point p; for the estimated point p,. The soil
heavy metal content of the estimated point C,, is calculated by
using eqn (5), where 4; and C,, are the weight and heavy metal
content of the neighboring sample point p,, respectively. In
this study, the cell size of grid data for soil heavy metal
concentrations is 100 m x 100 m x 1 year, and the number of
grids is 18997 x 4 years.

Y(P1> 171) Y1 Pz) Y(Pla Pn) 1 Al
Py P1) Y(P2 P2) Py p.) 1 A
: : : X
/Y(pm pl) Y(pnv Pz) 7(P}17 pn) 1 AN
1 1 1 0 n
(1 Po)
(P2 Po)
= 5 (4)
Y(P> Po)
1

i=1

The spatiotemporal prediction accuracy is assessed by using
the leave-one-out method, and the accuracy criteria include the
r, mean average error (MAE), and root mean square error
(RMSE) between the observed value and the predicted value.

2.3 Risk assessment of soil heavy metals

2.3.1 Geo-accumulation index (Iy,). The risk assessment
of soil heavy metals was developed based on the spatiotemporal
distributions of soil heavy metal concentrations. The geo-
accumulation index (Ig,) has been widely applied to assess the
contamination degree of a single heavy metal, and is defined as
eqn (6),>*3° where C; is the concentration of heavy metal i, and
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Fig. 2 Flow chart of methods in the study.

Cy, is the geochemical background value of heavy metal in the
province of the study area. The background values of the
studied heavy metals are 15.4, 86, 30.7, 712, 37.3, 26.7, 83.6, and
0.17 mg kg~ for Co, Cr, Cu, Mn, Ni, Pb, Zn, and Cd, respec-
tively.** According to Miiller,® I, is classified into seven
classes: I, = 0, uncontaminated; 0 < I,., < 1, uncontaminated
to moderately contaminated; 1 < I, = 2, moderately contam-
inated; 2 < I, = 3, moderately to heavily contaminated; 3 < I,
= 4, heavily contaminated; 4 < I, = 5, heavily to extremely
contaminated; and Iy, > 5, extremely contaminated.

G
Igeo =log, (m) (6)

2.3.2 Potential ecological risk index (RI). Potential
ecological risk index (RI) is used to evaluate the integrated risk
degrees of soil heavy metals.*® This index combines ecology,
biochemistry, and other aspects to evaluate the potential
ecological hazard of heavy metals.?* This index is calculated as
eqn (7), where EI; is the single potential ecological risk index of
heavy metal i, C; is the concentration of heavy metal i, S; is the
environmental quality standard of heavy metal i, and 7; is the
toxicity coefficient of heavy metal i. In this study, the back-
ground values of the studied heavy metals were used as the
quality standard, and the toxicity coefficients of each heavy
metal were Co=5,Cr=2,Cu=5,Mn=1,Ni=5,Pb=5,Zn =
1, and Cd = 30.* The potential ecological hazard posed by
heavy metals was classified into four grades:** RI < 150, low
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ecological risk; 150 < RI < 300, moderate ecological risk; 300 <
RI < 600, considerable ecological risk; RI = 600, very high
ecological risk.

RI:iEIi:i(%x T,-> (7)
i=1 i

i=1

2.4 Driving forces of heavy metal increments

2.4.1 Driving factors. Soil heavy metal accumulation is
influenced by diverse environmental factors, and the factors
can be divided into natural factors and those related to
anthropogenic activities.** Among the natural factors, soil
properties, such as soil pH, cation exchange capacity (CEC),
organic content, and soil thickness (ST), are critically impor-
tant factors controlling the heavy metal migration ability in
soils.*»*7%  Topography and vegetation coverage have
a remarkable effect on the heavy metal movement and accu-
mulation in soil.**** Human activities usually accelerate the
soil heavy metal accumulation due to various production
emissions. In particular, industrial activities (e.g., mining and
metal processing) highly influence soil heavy metal accumu-
lation as well as the discharge of wastewater and waste gas.*>*
Application of pesticides and traffic emissions also lead to
higher soil heavy metal pollution.**** Furthermore, residential
land and population density were found to be highly corre-
lated with the soil heavy metal accumulation pattern due to
domestic discharge.**

This journal is © The Royal Society of Chemistry 2023
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In view of the above considerations, 14 factors were intro-
duced to explore the driving forces of soil heavy metal incre-
ments, and their spatial distributions are shown in Fig. S1.T Soil
pH, CEC, soil organic carbon (SOC), and ST were collected from
the National Earth System Science Data Center, National Science
and Technology Infrastructure of China  (https:/
www.geodata.cn), and the year of these datasets was 2018. The
elevation and slope were collected from the geospatial data
cloud platform (https://www.gscloud.cn/), and the normalized
difference vegetation index (NDVI) was the average annual
NDVI from 2016 to 2019 collected from the National
Aeronautics and Space Administration (https://
modis.gsfc.nasa.gov/). The traffic road network was collected
from the Bigmap platform (https://www.bigemap.com/) and
used to generate the data of distance to traffic road. The
population density was the average population density during
2016-2019 collected from the WorldPop platform (https:/
www.worldpop.org/). Land use data were obtained by using
a field survey and remote sensing image interpretation, which
was used to generate the data of distance to farmland, distance
to smelter, distance to general factory, distance to mine, and
distance to residential land. Notably, general factory is a factory
except for the quarry and smelter, and mainly processes
products, such as electronic products, metal
instruments, clothing, food, etc.

2.4.2 Random forest. The RF model proposed by Breiman*
is a nonlinear nonparametric method based on machine
learning theory. It consists of numerous decision trees, and
each tree is trained by a set of variables randomly selected by
bootstrap sampling at each node. In the RF algorithm, the
number of decision trees and the number of variables used in
the binomial tree are the two important input parameters
related to the prediction accuracy. In this study, the RF regres-
sion algorithm was used to calculate the contributions of
different variables for soil heavy metal increments generated
with STOK and was implemented with the Python software
package in Spyder software 4.2.5. The soil heavy metal incre-
ment from 2016 to 2019 was the dependent variable, and the
natural and anthropogenic variables mentioned in Section 2.4.1
were entered as predictors in the RF algorithm. About 70% of
the samples were used to train the trees, and 30% of the
samples were used in the internal 10-fold cross-validation test
to evaluate the RF performance. The number of decision trees
and the number of variables were set to 500 and 1 to build the
RF, respectively. The prediction accuracy of RF was evaluated
with R*> and mean squared error (MSE). The flow chart of all
methods mentioned in Sections 2.2-2.4 is shown in Fig. 2.

various

3 Results

3.1 Descriptive statistics and spatiotemporal estimation of
soil heavy metal concentrations

The statistics of 829 topsoil samples are shown in Table S1.f
The average concentrations of Cu, Pb, Zn, and Cd are more than
twice their background values. Soil Co, Cr, Mn, and Ni have
moderate variability, whereas Cu, Pb, Zn, and Cd have strong
variability.*® Among the eight elements, the percentages of

This journal is © The Royal Society of Chemistry 2023
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samples beyond the background values of Cu, Pb, Zn, and Cd
are larger than 50% approximately, which indicates that the
pollution of the four heavy metals are more serious than that of
the other heavy metals.

The K-S values for the observed data are all less than 0.05,
indicating that the studied heavy metal concentrations all
display nonnormal distributions. To obtain the data following
the normal distribution, the observed values of Co, Cr, Cu, Pb,
Zn, and Cd were transformed by logarithm, and the observed
values of Mn and Ni were transformed by square root. The K-S
test values of the transformed data are slightly smaller or larger
than 0.05, indicating that the transformed data of studied
elements are close to the normal distribution. Based on the
transformed data, the spatiotemporal empirical semi-variogram
was calculated by using eqn (1), and the spatiotemporal theo-
retical semi-variogram was obtained by using eqn (2) and (3). In
the study, the theoretical semi-variograms of Co, Cu, Ni, and Pb
were simulated by using eqn (2), and those of Cr, Mn, Zn, and
Cd were simulated by using eqn (3). The R” values of all theo-
retical variograms are larger than 0.7 (Fig. 3), which shows that
the empirical semi-variogram is well fitted based on the two
theoretical variogram forms. As shown in Fig. 3, the variogram
of these heavy metals at the time and space dimensions are
quite different. In terms of Co, Ni, and Pb, the variogram
increases substantially with increasing space and time
distances. The variogram of Cu is stable at the time distance,
and increases with the increasing spatial distance until
approximately 12 km. Different from those of Co, Cu, Ni and Pb,
the variograms of Cr, Mn, Zn and Cd fluctuate considerably at
the time distance and increase with the increasing spatial
distance at 4, 10, 12, and 10 km approximately.

Based on the theoretical semi-variogram, the STOK was
implemented to obtain the spatiotemporal distributions of
heavy metal concentrations from 2016 to 2019 (Fig. S2t). As
shown in Table S2,T the r values of these heavy metals are all
larger than 0.5, indicating the higher estimation accuracy in the
presence of strong spatiotemporal variability.

3.2 Spatiotemporal patterns of soil heavy metal pollution
risk

Based on the spatiotemporal distribution of soil heavy metal
concentrations, I,e, and RI were calculated by using eqn (6) and
(7) to assess the degrees of cumulative pollution risk and
ecological hazard. From 2016 to 2019, the average I, values of
heavy metals are ranked as Cd (0.77) > Cu (0.76) > Pb (0.41) > Zn
(—0.13) > Co (—0.80) > Mn (—0.81) > Cr (—1.32) > Ni (—1.33),
which shows that the average accumulation degrees of Cu, Pb,
and Cd are remarkably higher than that of the other heavy
metals. The average greatest I, values are ranked as Cd (3.46) >
Pb (3.01) > Cu (2.81) > Zn (1.37) > Mn (0.27) > Co (—0.08) > Ni
(—0.45) > Cr (—0.67), indicating that the whole study region was
not contaminated by Ni, Cr and Co, and some regions were
moderately contaminated by Zn and Mn, and heavily contami-
nated by Cu, Pb, and Cd. Among the heavy metals with higher
enrichment, Cu was highly enriched in the central area, while
the spatial distribution patterns of Pb, Zn, and Cd were
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variogram.

relatively similar, and their high enrichments were mainly in
the central and northern areas (Fig. 4). As shown in Fig. 54,1
there are several smelters, quarries, and mining lands in the
central and north areas, which may lead to the high accumu-
lations of soil Cu, Pb, Zn and Cd. In addition, although the
enrichment degrees of most heavy metals had a substantial
increasing trend, the areas with the highest enrichment
changed slightly during 2016-2019.

The RI ranges from 28.59 to 604.92, indicating that the
potential ecological risk level in the study area ranges from low
ecological risk to very high ecological risk. The average contri-
butions of the studied heavy metals are ranked as: Cd (67.61%)
> Cu (12.31%) > Pb (9.31%) > Co (4.38%) > Ni (3.03%) > Zn
(1.31%) > Cr (1.23%) > Mn (0.83%), which indicated that the
potential ecological risk is mainly from soil Cd, Cu, and Pb.
From 2016 to 2019, the contribution of Cd to RI had a slight
decreasing trend, and the contributions of other heavy metals

Environ. Sci.; Processes Impacts

changed slightly (Fig. S37). Due to the large contributions of Cd,
Pb, and Cu, the spatial trend of the RI was extremely similar to
that of these heavy metals. As shown in Fig. 4, the higher
ecological risk is mainly located in the central area during 2016—
2019, which is in accordance with previous studies.'®***” As
reported in these research studies, long-term industrial and
mining activities in the central area caused severe soil heavy
metal pollution.

Fig. 5 shows the percentages of different accumulation risk
levels and the potential ecological risk levels in each year. The
RI levels include low ecological risk, moderate ecological risk,
considerable ecological risk, and very high ecological risk, and
their annual average percentages are 66%, 28%, 4%, and 2%,
respectively. The geo-accumulation risk levels of soil Co, Cr, Mn,
and Ni in most areas are uncontaminated, and those of Zn are
uncontaminated, uncontaminated to moderately contami-
nated, and moderately contaminated with annual average

This journal is © The Royal Society of Chemistry 2023
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Fig. 6 The relative importance of each environmental factor for soil
heavy metal increments. Note: NDVI: normalized difference vegeta-
tion index; SOC: soil organic carbon; CEC: cation exchange capacity;
ST: soil thickness.

percentages of 56%, 41%, and 3%, respectively. The geo-accu-
mulation risk levels of soil Cu, Pb, and Cd are extremely high,
and the average percentages of area contaminated with the
three heavy metals are about 78%, 65%, and 78%, respectively.
Obviously, the percentages of area with Cu and Pb pollution had
a significant increasing trend and rose from 69.65% and 45.29%
to 81.21% and 73.78%, respectively.
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3.3 Contribution of driving factors for heavy metal
increments

The RF model was used to explore the contributions of environ-
mental factors for heavy metal increments for understanding the
causes of soil heavy metal pollution changes, and the fitting
accuracy of internal 10-fold cross-validation is shown in Table S3.}
Except for Cd, the R* values of the RF prediction for other elements
are larger than 0.7, indicating the higher degree of explanation
from these response predictors. The R” value for estimating the Cd
increment is lower probably because of its observably fragmented
distribution and lower increment (Fig. S4+).

The relative importance of different factors for soil heavy
metal increments is shown in Fig. 6. The results show that the
total contributions of natural factors for Co, Cr, Cu, Mn, Ni, Pb,
Zn, and Cd content increment are 16%, 23%, 25%, 24%, 24%,
24%, 24%, and 25%, respectively, and the total contributions of
anthropogenic factors are 84%, 77%, 75%, 76%, 76%, 76%,
76%, and 75%, respectively. The first three contributors for
these heavy metal increments are the mine, smelter, and
factory, and their total contributions are all larger than 50%.
Apart from industrial activities, transportation is a large
contributor to soil Zn and Cd increments with about 7%
contribution, population poses a higher contribution (about
6%) to the soil Pb, Mn, Ni, Zn, and Cd increments, and farm-
land produces 5% contribution to the soil Cu increment.
Compared with human activities, natural factors had an
extremely low impact, and soil pH, SOC, and CEC are the three
largest natural factors with 4% contribution approximately.

4 Discussion
4.1 Increment of soil heavy metal pollution

From 2016 to 2019, the average ecological risk increased from
127.72 to 136.79, and the total percentage of moderate ecolog-
ical risk to very high ecological risk rose from 30.68% to 33.96%,
which indicated that both the integrated risk degree and high-
risk scope from these heavy metals increased. The contents of
these heavy metals in more than 50% of the study area
increased, and the growth rates of the average content are
ranked as Co (65%) > Ni (56%) > Mn (43%) > Pb (40%) > Cr
(36%) > Zn (31%) > Cu (23%) > Cd (3%). However, although the
soil Co, Cr, and Ni accumulation increased remarkably, they
were always at the uncontaminated level in the whole study
area, which was probably due to their low background contents.
In terms of the contamination areas, soil Cu, Pb, and Zn
increased by 12%, 28%, and 17%, respectively, and soil Mn and
Cd increased slightly by 2%. Although soil Cd pollution was
rather serious, its pollution scope and degree were not inten-
sified, and one possible reason was local soil Cd pollution
remediation.*®

Table S41 shows the Pearson correlations between the soil
heavy metal increments. Except for Cd, the increments of other
elements have significant correlations, which is because of the
more fragmented distribution of the Cd increment. Similar to
the spatial pattern of soil heavy metal contents, the higher
increments of these heavy metals are mainly distributed in the
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central and northern regions (Fig. S4f). The field survey
revealed that one smelting and mining site group, and one
mining land incorporating quarrying and ore processing are in
the central region, and a quarry group and many factories are in
the northern region,* as shown in Fig. S4.f Many previous
studies stated that the heavy metal contents are higher in soils
adjacent to industrial lands.'**”** The present study found that
both heavy metal contents and their increments in soils near
industrial lands are higher.

4.2 Driving forces of soil heavy metal increments

This study utilized the RF regression model to explore the
driving forces of soil heavy metal increments, and the predic-
tion accuracy and explanation degree of these entered variables
are higher. The results show that the influences of anthropo-
genic activities are greater than those of natural factors, and
industrial activity even poses over 50% contributions for these
heavy metal increments. As for Cu, Pb, and Cd with high
pollution levels, smelting and mining are the largest contribu-
tors, especially for Cu, which is probably because of the long-
term discharge of slag, dust, and wastewater.”*> Copper
smelting and mining in the study area have been operating for
more than 60 years and 3000 years.**** Noticeably, many studies
ascribed the soil Cr and Ni accumulation to lithogenic sour-
ces.*>*>% However, the present study found that soil Cr and Ni
increments are mainly affected by mining and smelting, which
is probably due to the disturbance of slag.>”

In addition to the industrial activities, population density has
a higher contribution to the soil Mn, Ni, Pb, Zn, and Cd incre-
ments probably due to the influence of human life activities on
pollutant deposition processes.*** The field survey also found
that many local residents moved soils from mining regions to
plant crops (Fig. S51), which had a great influence on the soil
heavy metal accumulation. Additionally, transportation shows
a higher importance for the heavy metal increments, which may
be related to the vehicular emissions and ore transportation.”*
Overall, these heavy metal increments mainly resulted from the
industrial and mining activities in the study area. Thus, properly
treating industrial wastes, developing soil remediation in the
contaminated region, and managing the reuse of polluted soils
are necessary to prevent the aggravation and spread of soil heavy
metal pollution.

Notably, in the driving force analysis, land use cannot fully
represent the corresponding type of pollution source. For
example, farmland is one of the products of agricultural activity,
but heavy metal pollution resulting from agricultural activity may
be due to the use of fertilizers and pesticides. Therefore, more
environmental factors need to be introduced to explore the
driving mechanism, which may also improve the simulation
accuracy of the RF model. In addition, the present study only
explored the contributing sources of soil heavy metal contents,
instead of the pollution risk. In fact, exploring the contributing
sources of risks can provide more useful information for
contamination risk warning, which will be the main work in the
future.

This journal is © The Royal Society of Chemistry 2023

View Article Online

Environmental Science: Processes & Impacts

5 Conclusion

This study estimated the spatiotemporal distribution of soil
heavy metal contents from 2016 to 2019 by using the STOK
method, assessed the accumulation risk and potential ecolog-
ical risk of soil heavy metals, and explored the driving forces for
their increments in a typical industrial region in China. The Iy,
and RI revealed that soil suffered from serious contamination
by Cu, Pb, and Cd, and moderate contamination by Zn and Mn;
soil pollution of Zn and Mn was extremely low, and more than
30% of areas had moderate to very high potential ecological
risk. Overall, higher ecological risk and highly concentrated Cu,
Pb, and Cd are mainly distributed in the central and northern
areas surrounding various industrial and mining lands. From
2016 to 2019, the accumulations of eight heavy metals in more
than 50% of the study area increased; specifically, the pollution
scope and degree of Pb, Cu, and Zn increased markedly. Similar
to the soil heavy metal contents, their increments in soils near
industrial lands were also higher. The RF simulation indicated
that the dominant contributors for these eight heavy metal
increments were all anthropogenic activities with an average
contribution of 77% approximately, especially the industrial
and mining activities including smelter (24%), mine (20%), and
factory (12%). Accordingly, soil restoration work should focus
more on Cu, Pb, and Cd pollution, and more targeted
management of industrial activities should be undertaken to
control the aggravation of soil heavy metal pollution.
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