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Abstract

To explore the pollution sources and health risks of heavy metals in the soil of the southern
margin of the Tarim Basin, 1231 soil samples were collected and analyzed for pH and eight
heavy metals (Cr, Cd, Pb, Zn, Cu, Ni, As, and Hg). The self-organizing map (SOM) and
positive matrix factorization (PMF) models were used to analyze the sources of heavy
metals in the soil of the southern Tarim Basin, and a Monte Carlo method-based health
risk assessment model was used to quantify the human health risks of different sources of
pollution. The results showed that the average contents of all elements did not exceed the
local soil background values, except Cd and Hg. The content of As in 0.24% samples was
higher than the national risk screening value of China, and the content of the other heavy
metals was lower than the Chinese national risk screening value. The main sources of
heavy metal pollution were natural–traffic–agricultural mixed sources (60.9%), atmospheric
dust fall sources (18.4%), and agricultural sources (20.7%). Soil As, Cr, Pb, Zn, Cu, and Ni
were mainly influenced by natural–traffic–agricultural mixed sources. Hg was influenced
by atmospheric dust fall (55%) and agricultural sources (45%). Cd was mainly influenced
by natural–traffic–agricultural mixed sources (61.6%) and agricultural sources (37.8%). The
levels of heavy metals in the soil in Yutian County did not pose a non-carcinogenic risk to
humans, but they pose an alert carcinogenic risk to children and adults. Cr is identified as
the priority pollutant for human health risk control, while the mixed sources from natural,
traffic, and agricultural activities are recognized as the primary targets for pollution control.
This study provides a reference for the precise prevention and control of soil heavy metal
pollution in the southern margin of the Tarim Basin.

Keywords: heavy metal; self-organizing map; positive matrix factorization; source
apportionment; Monte-Carlo model

1. Introduction
Soil quality is affected by climate, soil parent material, water, biology, and time [1].

With the acceleration of urbanization, industrialization, and agricultural intensification, soil
heavy metal pollution has gradually become a major social concern [2–4]. Heavy metals in
soil are basic indicators of soil quality, as well as crucial parameters threatening soil health
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and food security [5]. The presence of heavy metals in soil reduces soil quality and affects
crop yield and quality, and poses a risk to human health through food chain accumulation,
inhalation of dust, and skin contact [6,7]. Source apportionment and determination of
pollution sources and their contribution rates through traceability models are important
prerequisites for remediation of contaminated soils and assessment of the impact of heavy
metal exposure on human health because soil heavy metal pollution has the characteristics
of concealment and complexity [8,9].

Currently, the positive matrix factorization (PMF) model, absolute factor analy-
sis/multiple linear regression receptor model, as well as correlation and principal compo-
nent analyses have been widely used for the traceability of heavy metals in soil [10–12].
Integrating the PMF model and a machine learning algorithm enables accurate traceability
of heavy metal pollution to comprehensively, objectively, scientifically, and effectively
quantify the pollution sources for different heavy metals [13,14]. The self-organizing map
(SOM) is an unsupervised machine learning algorithm that can efficiently perform spatial
clustering, interpretation, and visualization of heavy metal data [15,16]. On the basis of
SOM network clustering, combined with the quantitative analysis of the PMF model, the
accuracy of pollution source allocation can be improved and the credibility of pollution
source interpretation results can be enhanced [17], thereby providing a scientific basis for
precise pollution control. Therefore, the combined application of SOM and PMF can further
promote the apportionment of multiple pollution sources and support the contribution
of different pollution sources obtained by PMF, which will help to identify the complex
sources of heavy metals in soil. Health risk assessment models recommended by the
United States Environmental Protection Agency are commonly used for soil health risk
assessment [18]. Probabilistic risk assessment has proven to be a more accurate method
for assessing differences in pollution distribution based on the Monte Carlo model [19].
Existing health risk assessments fail to identify the main sources of pollution and associated
risks, and they do not distinguish between pollutants that pose serious health hazards [20].
The introduction of source apportionment results into the risk assessment model can ad-
dress the aforementioned problems and realize the effective identification and control of
target pollutants and their sources, which is of great significance for pollution control under
limited resources and costs [21].

Yutian County, Xinjiang China, is a state-level major development county in the oasis
belt of the southern margin of the Tarim Basin, which is mainly agricultural and combines
agriculture with animal husbandry. It is a crucial dry fruit and grain planting area in
Xinjiang. Studies have indicated that the soil in Xinjiang is polluted to some extent by
heavy metals such as Cd, Hg, and Pb [22,23]. The existing research on soil heavy metals in
the study area mainly focuses on the spatial distribution characteristics and ecological risk,
and is limited to concentration characterization or simple risk analysis. The contribution of
mixed anthropogenic impacts to the sources of heavy metals in soils in the region and the
health risks posed by specific sources of pollution are not well understood. Conducting soil
heavy metal pollution traceability and precise control is an important basis for realizing
regional agricultural safety production. A combined approach employing SOM and PMF
can enhance our understanding of pollution areas in soil and help identify pollution sources,
facilitating efficient management and planning in Yutian County. This study aimed to
(1) determine the contents and spatial distribution characteristics of soil pH, Cr, Cd, Pb,
Zn, Cu, Ni, As, and Hg; (2) use SOM and PMF models to reveal the sources of eight heavy
metals in soil and quantify their relative contributions; (3) quantify the non-carcinogenic
and carcinogenic probabilistic risks of heavy metals from different sources to adults and
children, using the human health risk assessment model. The goal was to identify priority
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pollutants and pollution sources for early warning and control of regional soil heavy metal
pollution, thereby providing a foundational basis for targeted management strategies.

2. Materials and Methods
2.1. Study Area

The study area is located in Yutian County, in the southwestern Chinese region of the
Xinjiang Uygur Autonomous Region, on the southern edge of the Taklamakan Desert. The
climate of the study area is warm, temperate, and continental arid. The annual average
temperature is 12.2 ◦C, and the annual precipitation is 33.5 mm. The study area comprises
six different land use types: woodland, grassland, cultivated land, water area, bare land,
and artificial surface (Figure 1). Cultivated land is mainly distributed in the middle of the
study area. The main soil types are brown desert, aeolian sandy, meadow, and irrigated silt
soils (Figure S1). The types of soil parent materials include alluvium, alluvium-alluvium,
calcareous alluvium, and sandy loess parent materials (Figure S2). Yutian County is an
agricultural region, with wheat, corn, rice, and cotton as its main crops. The Yutian County
Industrial Park, located in the east of the study area, focuses on processing of agricultural
and sideline products, livestock products, and building materials. The main mineral
resources in the county are iron, copper, gold, and jade.

Figure 1. Location of the study area and the sampling sites.

2.2. Sample Collection and Treatment

In July 2016, 1231 groups of surface soil samples (0–20 cm) were collected from the
study area (Figure 1). The sampling density of cultivated land was 1 group/km2, and that
of other land use types was 1 group/4 km2. The Global Positioning System coordinates
of each sampling point were recorded, and sampling was conducted according to the
technical specification for soil environmental monitoring (HJ/T 166-2004) [24]. Litter was
removed before sampling, and information on soil type and origin was recorded in detail.
The original weight of the sample was >1 kg. The sample was sealed in a cloth bag covered
with a polyethylene plastic bag, dried, screened using a 10 mesh (aperture 2 mm) nylon,
and stored in a box for rain and moisture protection. Soil samples were obtained from the
Ministry of Land and Resources of the People’s Republic of China by the Xinjiang Mineral
Resources Supervision and Testing Center.
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Sample analysis was performed in accordance with the Multi-objective Regional Geo-
chemical Survey Specification (1:250,000) (DZ/T 0258-2014) [25]. Soil pH was determined
by mixing soil with deionized water at 1:2.5 (w/v), and the pH was measured using a pH
meter (PHS-3C, Shanghai, China). Approximately 100 mg of soil was digested using 3 mL
concentrated HNO3 and 1 mL HF in PTFE sealed digestion tanks for 12 h at 180 ◦C. The
contents of Ni, Cu, Zn, Pb, and Cd were determined using inductively coupled plasma
mass spectrometry (X-series 2, Thermo Scientific, Waltham, MA, USA). The detection limits
were 0.74 mg/kg, 0.95 mg/kg, 0.64 mg/kg, 0.65 mg/kg, and 0.002 mg/kg, respectively.
The As, Cr, and Hg contents were determined using Atomic fluorescence spectroscopy
(AFS, AFS-9230, Beijing, China). The detection limits were 0.11 mg/kg, 3.51 mg/kg, and
0.0005 mg/kg, respectively. Quality control measures were meticulously implemented
employing GSS-18 (GBW07447, National Research Center, Beijing, China). Moreover, three
analytical duplicates of soil samples were analyzed, ensuring that the relative standard
deviation remained below 10%. The pass rate of accuracy and precision of each element
was greater than 98%.

2.3. Self-Organizing Map (SOM)

Self-organizing map neural networks, proposed by Kohonen in 1981, are based on
unsupervised learning methods [26]. SOMs can map the topological structure of points in a
high-dimensional space to a low-dimensional space, and preserves the original distance or
similarity relationship as much as possible [27,28]. SOM has been widely used in hydrology,
environmental studies, and other related fields [29–31]. SOM addresses the shortcomings
of traditional classification, effectively managing strong variability and distinguishing
complex soil potential pollution sources. Therefore, it is widely used in classifying soil
heavy metal pollution sources [32,33]. Nine indicators (Cr, Cd, Pb, Zn, Cu, Ni, As, Hg,
and pH) of the 1231 soil samples were used as the input layer of SOM to train the neural
network, and heuristic rules were used to select the map size, i.e., 5

√
n, in which n is

the number of samples [34]. Considering the quantization and terrain errors, the final
neural matrix consisted of 16 × 11 neurons. The combination of SOM and K-means can
reduce the dimension of complex data and achieve optimal classification visualization [35].
The K-means clustering algorithm was used to classify the soil samples according to the
optimal number of clusters determined by the minimum Davies–Bouldin Index (DBI) [36].
Visualization of the SOM was conducted using Matlab R2019a.

2.4. Positive Matrix Factorization

The positive matrix factorization model is a quantitative source analysis model based
on multivariate factor analysis [37]. It is used to identify the source contributions of
chemicals in the atmosphere, soil, and sediments [38,39]. EPA PMF (version 5.0) [40] was
used to identify the sources of heavy metals in the surface soil of the study area. The model
can be expressed as follows:

xij =
p

∑
k = 1

gik fkj + eij (1)

where xij, gik, and fkj are the content of the jth element in the ith soil sample (mg/kg),
contribution concentration of the jth chemical component of source k (mg/kg), respectively.
The residual matrix eij can be calculated according to the minimum value of the objective
function Q(E):

Q(E) =
n

∑
i = 1

m

∑
j = 1

(
eij

µij

)2

(2)
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where µij is the uncertainty of the jth chemical component of the ith sample. The uncertainty
was calculated from the method detection limit (MDL) and error score of the surrogate
standard. When the concentration of a parameter was less than or equal to the MDL, the
uncertainty was calculated as follows:

µij =
5
6

× MDL (3)

Otherwise, it was calculated as:

µij =
√(

Error f raction × xij
)2

+ (0.5 × MDL)2 (4)

2.5. Health Risk Assessment Based on Pollution Sources

The PMF and human health risk assessment models were used to assess the health
risks of heavy metals in soil [41]. For adults and children, soil heavy metals enter the
human body mainly as follows: oral ingestion, skin contact, and respiratory inhalation.
This results in non-carcinogenic and carcinogenic risks to the human body [42]. The PMF
model was used to determine the source contribution of heavy metals at each sampling
point using the following formula:

Ck
mj = ∗ Ck

mj × Cm (5)

where Ck
mj represents the mass contribution of the jth heavy metal from the kth source in

sample m; ∗ Ck
mj represents the determined contribution of the jth heavy metal from the

kth source in sample m, and Cm represents the contents (mg/kg) of heavy metals in the
soil sample m.

The average daily exposure dose of heavy metals from the kth source of the jth heavy
metal in sample m can be computed as:

ADDk
mjing

=
Ck

mj × IngR × EF × ED

BW × AT
× 10−6 (6)

ADDk
mjinh

=
Ck

mj × InhR × EF × ED

PEF × BW × AT
(7)

ADDk
mjdermal

=
Ck

mj × SA × AF × ABS × EF × ED

BW × AT
× 10−6 (8)

where ADDing, ADDinh, and ADDdermal represent the average daily exposure dose from soil
ingestion, inhalation and dermal absorption, respectively (mg/kg·day). The meanings and
values of the exposure assessment parameters are shown in Table S1 [43–46].

The non-carcinogenic risk was calculated using the total hazard index (THI), which is
the sum of hazard indices generated by the sum of hazard quotients (HQ) [39]. The formula
is as follows:

HI = ∑ HQk
mji

= ∑
ADDk

mji
R f Di

(9)

THI = ∑ HI = ∑
ADDk

mjing

R f Ding
+ ∑

ADDk
mjinh

R f Dinh
+ ∑

ADDk
mjdermal

R f Ddermal
(10)

where HQk
mji

represents the HQ on the ith exposure route from the kth origin of the jth
heavy metal in sample m. If THI > 1, the public may suffer from non-carcinogenic effects
that are considered acceptable levels [47].
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The total cancer risk index (TCR) is similar to the THI and is calculated as follows:

CR = ∑ CRk
mji

=∑ ADDk
mji

× SFi (11)

TCR = ∑ CR
= ∑ (ADDk

mjing
× SFing) + ∑ (ADDk

mjinh
× SFinh)

+∑ (ADDk
mjdermal

× SFdermal)

(12)

where CRk
mji

represents the cancer risk on the ith exposure route from the kth origin of the
jth heavy metal in sample m. If the values of TCR are within the range of 10−6 to 10−4,
it indicates an acceptable cancer risk; if the values of TCR > 10−4, it reveals that human
beings experience a carcinogenic risk [48]. The reference dose (RfD) and slope factor (SF) of
the different heavy metals are shown in Table S2 [43,44].

2.6. Monte Carlo Model

To avoid overestimation or underestimation of health risk assessment results caused
by the direct use of deterministic parameters, this study used the Monte Carlo method to
address the uncertainty caused by probabilistic parameters in health risk assessment [49].
Oracle Crystal Ball 11.1 software was used for data processing, and the number of iterations
per run was set to 10,000. Combined with sensitivity analysis, the non-carcinogenic and
carcinogenic risks of different pollution sources were calculated to obtain the contribution
of heavy metals from different pollution sources to the total uncertainty [50].

3. Results and Discussion
3.1. Concentrations and Distribution of Soil Heavy Metals

The descriptive statistics of the soil heavy metal concentrations and pH in the study
area are shown in Table 1. The soil pH ranged from 7.25 to 10.8, with an average of 8.64.
Affected by the geographical location and climate driving factors, the soil pH value was
generally high, showing obvious alkaline characteristics. However, the optimum pH range
for most crops is usually between 5.5 and 7.5 [51], and higher pH values may adversely
affect crop yield [52,53]. At the same time, alkaline soil conditions can reduce the mobility
of heavy metals [54]. The average concentrations of Cr, Cd, Pb, Zn, Cu, Ni, As, and
Hg were 47.73 mg/kg, 0.13 mg/kg, 17 mg/kg, 52.3 mg/kg, 17.83 mg/kg, 23.21 mg/kg,
9.15 mg/kg, and 0.02 mg/kg, respectively. Except for Cd and Hg, the average values of the
other elements did not exceed the background values of soil in Xinjiang [55]. The results
indicated that the contents of Cd and Hg in soil were affected by natural and external
factors [39]. Specifically, the concentrations of Cr, Cd, Pb, Zn, Cu, Ni, As, and Hg in
38.5%, 47.5%,5.4%, 3.3%, 0.7%,19.6%, 20.0%, and 22.0% of the soil samples exceeded the
corresponding background values (Table 1), respectively. In addition, the As concentration
of 0.24% soil samples was higher than the risk screening value and the maximum value of
other heavy metals was lower than the risk screening value. It indicated that the risk of soil
pollution in the study area was low, and the whole was in a relatively safe state.

The average content of heavy metals in the study area was generally lower than that
in other regions in China (Table 1). The coefficient of variation from high to low was:
Hg > As > Cd > Ni > Zn > Cr > Cu > Pb. According to Costa et al. [56], the coefficient
of variation of Hg in the study area was >30%, indicating high spatial heterogeneity and
a strong influence of local human activities [14]. Cr, Cd, Zn, Ni, and As showed median
variations, indicating that they may be affected by anthropogenic activities and natural
factors [57]. Similar results of heavy metal accumulation in soils have been reported in other
regions of Xinjiang [23,58–61]. Previous studies have shown that agricultural activities,
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integrated energy consumption, and industrial production affect the levels of Pb and Cd in
Xinjiang soils [23]. Hg emissions from fossil fuels in China are considered to be the largest
anthropogenic source of Hg, which made China the world’s largest emitter of Hg [62,63].

Table 1. Statistical characteristics of soil pH and heavy metal concentrations (mg/kg).

Cr Cd Pb Zn Cu Ni As Hg a pH

Min 27.10 0.07 12.50 36.80 11.90 15.30 3.30 0.01 7.25
Max 97.10 0.27 29.70 93.80 35.50 67.20 39.60 0.07 10.80

Mean 47.73 0.13 17.00 52.30 17.83 23.21 9.15 0.02 8.64
Median 46.50 0.12 16.80 51.40 17.20 22.30 8.50 0.02 8.61

Standard deviation 7.70 0.02 1.46 8.61 2.85 4.12 2.62 0.01 0.38
Coefficient of variation (%) 16.14 18.52 8.56 16.45 16.00 17.75 28.58 30.27 4.37

Soil background in Xinjiang [55] 49.30 0.12 19.40 68.80 26.70 26.60 11.20 0.02 -
b Soil environmental screening standard value

(GB 15618-2018) 250.00 0.60 170.00 300.00 100.00 190.00 25.00 3.40

Mean value of Weining County, Guizhou Province [32] 167.43 5.69 109.26 314.99 137.81 77.12 22.59 0.12 5.67
Mean value of Baoqing County, Heilongjiang Province [33] 70.8 0.08 25.49 65.16 25.03 30.61 - 0.04 6.35

Mean value of Anqing City, Anhui Province [50] 59.51 0.34 46.01 90.02 25.73 - 12.91 0.32 -

a Dimensionless for pH. b The National Environmental Quality Standards for soil in China (GB15618-2018) [64].

The inverse distance weighting is widely used in spatial interpolation and geographic
information system. It can greatly retain the extreme value information, the interpolation
effect is detailed, and it is easier to operate [65,66]. Especially, it is more effective when the
sample points are distributed uniformly and densely [67]. Therefore, IDW was selected to
map the spatial distribution of heavy metals in soil in this study. Figure 2 shows the spatial
distribution of the eight heavy metals and soil pH. Green areas indicate where heavy metal
concentrations are below the Xinjiang soil background. Spatially, the heavy metal content
in the soil is higher in the middle and lower toward the periphery. The spatial distributions
of Ni, As, and Hg are similar, and the high-value area is mainly concentrated in the middle
of the study area. High Cu and Pb values are scattered in the west and east. The high-value
area of Zn is mainly distributed in the vicinity of the county seat. The high-value area of
Cd is widely distributed, and the high-value area of Cr is mainly distributed in the central
and eastern parts of the study area. The soil pH in the northern part of the study area is
higher, and the entire soil is alkaline.

3.2. SOM Results

Figure 3 shows the results of the SOM analysis of the eight heavy metals and pH in
the topsoil. Through the color gradient comparison SOM diagram, intuitively reflected
the qualitative relationship between heavy metals. According to the K-means clustering
algorithm and DBI, 1231 topsoil samples were classified into three clusters (Figure S3). As
shown in Figure 3, Pb and Zn exhibited similar distribution patterns. The location with
higher Cu content coincided with the location with higher Ni content, whereas the location
with higher Cd content coincided with the location with higher Pb and Zn contents. This
indicates that the factors affecting the content and distribution of these heavy metals may
be related. However, the color gradients of Cr, As, and Hg varied, indicating that the
factors affecting their distribution and sources were different from those of other heavy
metals. Due to various human and natural factors affecting soil formation and heavy metal
content, it is almost impossible to form completely isolated clusters in the distribution
map [68]. In general, samples with higher heavy metal content were mainly distributed in
Cluster 1, whereas samples with the highest pH value were mainly distributed in
Clusters 2 and 3. Cluster 1 consisted of approximately 23.4% of the samples in the study
area. Figure S1 shows that the distribution of samples in Cluster 1 is consistent with the dis-
tribution of irrigation and silting soil types in the study area, and these samples are mainly
distributed in the cultivated land. The results indicate that the source and distribution of
these heavy metals may be affected by agricultural activities. Clusters 2 and 3 contained
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28.8% and 47.8% of the samples, respectively. The distribution characteristics of Cluster 2
were similar to those of Cluster 1, most of which were located in the cultivated land of the
study area, and the samples of Cluster 3 were widely distributed in the entire study area.

 

Figure 2. Spatial distribution of soil heavy metals (a) Cr, (b) Cd, (c) Pb, (d) Zn, (e) Cu, (f) Ni, (g) As,
(h) Hg, (i) pH.
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Figure 4 shows the results of the correlation analysis between the elements. A
significant positive correlation was observed between Cu and Zn, Ni, Cr, and Pb
(p ≤ 0.001, 0.70 ≤ r ≤ 0.78). It is indicated that these heavy metals have the same or
similar sources. According to previous studies, Cr and Ni in soil were mainly affected
by geological factors [69]. Therefore, soil Cr and Ni in the study area may be controlled
by soil parent materials, and human influence was relatively small. A moderate positive
correlation was observed between As and Cr, Cu, Zn, and Ni (p ≤ 0.001, 0.62 ≤ r ≤ 0.64),
indicating that there may be a source of similarity between them. A significant positive cor-
relation was observed between Hg and Ni, Cr, and Zn (p ≤ 0.001, 0.59 ≤ r ≤ 0.60). A high
correlation coefficient indicates that the elements may have homology [45]. The solubility
and mobility of heavy metals depend on soil pH and soil type [70]. In order to scientifically
evaluate the sources of heavy metals in soil, it is necessary to monitor the key physical
and chemical properties of soil. In this study, a weak negative correlation was observed
between the pH and heavy metal elements. It shows that the heavy metal elements were
more easily dissolved in the higher pH, and with the loss of rainfall, resulting in the lower
content of soil. Cd was positively correlated with Pb and Zn (p ≤ 0.001, 0.46 ≤ r ≤ 0.47).
The correlation between Cd and the other elements was weak. It indicates that the pollution
sources are relatively independent and may be related to different industrial activities,
anthropogenic inputs or natural geological background. This result further emphasized the
multi-source characteristics of soil heavy metal pollution in the study area.

Figure 3. (a) SOMs of soil heavy metal concentrations. Different colors represent different variable
values (normalized). The blue and red colors correspond to low and high values, respectively. A
similar color distribution of planes indicates a positive correlation between variables. (b) Classification
diagram of K-means clustering sampling points based on Geographic Information System (GIS).



Agronomy 2025, 15, 2721 10 of 19

Figure 4. Pearson correlation coefficients among heavy metals. (* p ≤ 0.05, *** p ≤ 0.001).

3.3. Source Apportionment of Soil Heavy Metal

To further quantify the sources of heavy metals in the soil. A PMF model was used
to analyze the sources of eight heavy metals in soil. Element concentration and uncer-
tainty were imported into the USEPA PMF 5.0 software. The signal-to-noise ratio of the
eight heavy metal elements was greater than eight, the number of operations was set to
20, and 3–6 factors were set to determine the optimal solution [71,72]. Three factors were
determined based on the minimum and stable objective function q (Figure 5). By fitting
the measured and predicted values of the model, the determination coefficient R2 of the
element fitting was obtained, which ranged from 0.64 to 0.99, and the reliability of the
model fitting effect was verified. The results of the PMF analysis are shown in Figure 5.
Figure 6 shows the spatial distribution of the normalized source contributions of soil heavy
metals based on the PMF model, as shown for source apportionment.

Figure 5. Source apportionment of heavy metals in soils of the study area. (a) Factor profiles of
heavy metals in soils derived from the positive matrix factorization (PMF) model; (b) Percentage of
contribution for each factor by the PMF model.
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Figure 6. Spatial distribution of normalized source contribution of soil heavy metals based on the
PMF model (a). Factor 1, (b). Factor 2, (c). Factor 3. The values in the legend indicate the factor scores.

Factor 1 accounted for 60.9% of the total factors. Except for Hg, the other heavy metals
were dominant. Among them, Pb (74.3%), As (73.4%), and Cu (70.2%) contributed the most,
followed by Cr (69.9%), Ni (69.3%), Zn (67.9%), and Cd (61.6%). Studies have shown that
traffic exhaust emissions are a major source of Pb in soil [73,74]. Zn and Cu are additive
materials used in automotive brakes, engines, tires, and other components. Cd, Zn, and Cu
are released into the environment as a result of the combustion of lubricating oil, tire wear,
and brake friction [75]. As an important logistics node city on the Silk Road Economic Belt
in Xinjiang, the study area has excellent transportation facilities, such as national highways,
expressways, and railways. In addition, the national highway passes through the Yutian
County seat of the study area, and the wear of tires and exhaust emissions from motor
vehicles produce Pb, Cd, Zn, and Cu particles. These heavy metal particles are deposited
into the soil through wet and dry deposition. The spatial distribution showed that (Figure 2)
the high Pb, Cu, and Zn content areas were mainly scattered near the national highway.

The average As content was lower than the background value of soil in Xinjiang. It
is widely distributed in the Earth’s crust and may be related to natural sources [76]. The
spatial variability of Cr and Ni in the soil was minimal, indicating that they maintained
their original natural state. Studies have shown that the presence of Cr and Ni in soils
is influenced by natural factors and soil parent material [77,78]. However, 38.5% and
20% of the soil samples contained Cr and As above their background values in this study,
respectively, indicating that Cr and As have other exogenous sources [79]. Simultaneously,
the spatial variability of As was consistent with the characteristics of moderate variability,
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indicating that As is influenced to a certain degree by non-geological factors. Yutian
County has large-scale livestock and poultry breeding areas and characteristic agricultural
planting areas. Studies have shown that As, Cr, and other elements can be influenced to a
certain extent by human and livestock feces, pesticides, and fertilizers, and spread into the
environment through leaching [80]. Figures 2 and 6a show that the spatial distributions of
As, Cr, and Ni concentrations were similar to that of the Factor 1 normalized contribution.
Therefore, Factor 1 represents the combined effects of mixed and natural sources caused
by various anthropogenic factors, such as traffic emissions and agricultural activities
(mixed sources).

Factor 2 accounted for 18.4% of the total contribution and was characterized by
Hg (55%). A significant negative correlation was observed between Hg and soil pH in
the study area, and the variation was moderate. Due to its high volatility, Hg is usually
used as an atmospheric indicator of the effects of volatile diffusion of industrial gases such
as coal combustion, as well as atmospheric dry and wet deposition [81,82]. The spatial
distribution of Hg shows that it is higher in the central part of the study area than in the
surrounding areas, and the local high-value areas are scattered in the built-up land in the
northwest of the study area (Figure 2). Hg is emitted during winter owing to heating
and coal combustion in industrial production in the study area. In addition, Hg may be
influenced by dust emissions and deposition after mining [83]. It is a volatile element that
migrates over long-distances, leading to heterogeneity in its spatial distribution in soil. The
contribution of As in Factor 2 was 26.6%. Coal contains As, and coal burning and mining
activities contribute to the accumulation of heavy metals, such as As. Figures 2 and 6b
show that the spatial distribution of Hg content is similar to that of the Factor 2 normalized
contribution. Therefore, Factor 2 is considered to be the atmospheric dust fall source of
coal combustion.

Factor 3 accounted for 20.7% of the total contribution and was characterized by
Hg (45%) and Cd (37.8%). The spatial distribution characteristics of Hg in the study area
showed that the enrichment area of Hg was mainly in agricultural land. Studies have
shown that Hg is derived from agricultural activities, such as the overuse of pesticides and
fertilizers [84]. Cd is found in phosphate fertilizers and is often used as a marker element
in agricultural production [85–87]. Figures 2 and 6c shows that the spatial distribution of
Cd content is similar to that of the Factor 3 normalized contribution. Therefore, Factor 3
may be related to agricultural activities. The presence of an element in multiple factorial
loadings indicates multiple sources [88]. Hg was present in Factors 2 and 3, indicating
that it is influenced by atmospheric deposition and agricultural activities. Cd was present
in Factors 1 and 3, indicating that it is influenced by agricultural activities in addition to
traffic emissions.

The SOM and PMF results in Figures 3b and 6 show that the heavy metal pollution
sources in the normalized source contribution map of Factors 1 and 3 showed similar
distribution patterns of heavy metals in Clusters 1 and 2 obtained in the above SOM
analysis, respectively. The results show that the combination of the SOM and PMF models
yields high precision for the source apportionment of heavy metals in soil [32]. The results
of SOM classification can provide a reference for the regional distribution of heavy metal
pollution in soil and the preliminary determination of potential sources.

Receptor models are effective tools for assigning heavy metal sources based on the
spatial distribution of heavy metals in soils, especially for the inability to obtain detailed
information about the sources of emissions [35]. However, source factors obtained from
receptor models are interpreted based on previous studies and experience [50]. In order to
further explain the source factors in the receptor model, the SOM model is used to study
the spatial correlation between pollution factors, which can assist the source resolution of
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each factor in the receptor model. There are many successful cases of using SOM combined
with PMF model to identify the sources of heavy metals in soils of different regions.
Wang et al. (2022) [39] used SOM and PMF methods for source apportionment in the Tibetan
Plateau, and the results showed that Cu was mainly derived from industrial activities, Cd
from agricultural activities, Cr from parent material, and Pb and Zn from traffic emissions.
Li et al. (2022) [32] study in the zinc smelting area of northwestern Guizhou province
found that Cd and Zn are associated with zinc smelting activities, Cu from agricultural
activities, Pb from traffic emissions and smelting, Hg and As from industrial activities and
coal combustion, and Cr and Ni are derived from parent materials. There are discrepancies
between these studies and our source apportionment results, which are due to differences
in local environmental and historical characteristics, such that pollution sources of specific
elements may differ between different geographical locations [16].

3.4. Health Risk Evaluation of Pollution Sources Based on Monte Carlo Simulation

After 10,000 iterations of the Monte Carlo model, the health risk probability distribu-
tions of heavy metals from different sources to adults and children were obtained (Figure 7).
Huang et al. [78] showed that when the 95% quantile value of non-carcinogenic risk is
below the acceptable risk threshold (THI = 1), the non-carcinogenic risk caused by soil
heavy metals is considered to be below the acceptable level. Therefore, the non-carcinogenic
risk to adults and children in the study area was negligible. Although the 95% quantile
values of cancer risk in adults and children did not exceed the risk threshold (1.0 × 10−4),
they posed a certain degree of threat to human health. The carcinogenic risk of heavy
metals in soil for adults was higher than that for children.

The results of the source-oriented health risk assessment showed that the THI values of
the three pollution sources for adults and children were all within the negligible risk range
for non-carcinogenic risks. The results indicated that heavy metals in soils from different
pollution sources posed no non-carcinogenic risk to human health. The 95% quantile val-
ues of TCR for adults and children for all three sources did not exceed the threshold
(1.0 × 10−4), but were within the alert carcinogenic risk range for carcinogenic risk
(1.0 × 10−6 < TCR < 1.0 × 10−4). Several hidden health risks were identified. It is necessary
to focus on the sources and pollution levels of these three heavy metals. Targeted control
should be implemented to reduce health risks to the population in production activities.
The 95% quantile values of non-carcinogenic and carcinogenic risks of the three pollution
sources for adults and children showed the same trend, which was mixed source > atmo-
spheric dust source > agricultural source. Among them, the 95% quantile value of cancer
risk in adults was greater than that in children, indicating that the cancer risk of mixed
sources in adults was higher. This may be due to the longer duration of receptor exposure
and higher daily air intake in adults than in children. This is contrary to the conclusion
of previous health risk assessment studies of common heavy metals that the health risk
of children is higher than that of adults. Xue et al. [89] have similar conclusions. Cr in
mixed sources poses a potential carcinogenic risk to children and adults (Figure S4). In
general, different pollution sources do not pose non-carcinogenic health risks to adults
and children, but Cr poses an alert carcinogenic risk to adults and children. Therefore, Cr
is the priority control pollution element for human health risk, whereas mixed source is
the priority control pollution source. Continuous monitoring and control of Cr should be
strengthened to ensure the health and safety of adults and children.
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Figure 7. Probability distributions of carcinogenic and non-carcinogenic risks to adults and children
from heavy metal concentrations and different sources of pollution.

4. Conclusions
A self-organizing neural network and PMF models were used to quantitatively analyze

the sources and contribution rates of heavy metal pollution in soils at the southern margin
of the Tarim Basin. The human health risk of heavy metals in soil was quantified according
to the pollution sources. Except for Cd and Hg, the average values of the other elements
in the soil of the study area did not exceed the background values of soil in Xinjiang. The
average contents of Cr, Cd, Pb, Zn, Cu, Ni, As, and Hg in soils were lower than the screening
values of soil environmental standards. The spatial distribution of heavy metal content
was different, with high contents found in areas with intensive human activities. The
spatial heterogeneity of Hg content was strong, indicating that it is influenced by human
activities. Based on the correlation analysis as well as SOM and PMF models, the following
main sources of heavy metal pollution were identified in the study area: natural–traffic–
agricultural mixed (60.9%), atmospheric dust fall (18.4%), and agricultural sources (20.7%).
Soil As, Cr, Pb, Zn, Cu, and Ni were mainly influenced by natural–traffic–agricultural
mixed sources. Hg was influenced by atmospheric dust fall and agricultural sources.
Cd was mainly influenced by natural–traffic–agricultural mixed sources and agricultural
sources. The classification results of the SOM model are consistent with the source analysis
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results of the PMF model. The health risk analysis based on source apportionment showed
that Cr from natural–traffic–agricultural mixed sources was the main carcinogenic risk
factor. The source of heavy metals, the degree of pollution, and the toxicity of elements
should be considered comprehensively when controlling the source of heavy metals in the
soil of the study area. Therefore, it is necessary to strengthen the monitoring and source
management of soil Cr to reduce the exposure risk and ensure the protection of human
health and ecological environment safety.

Supplementary Materials: The following supporting information can be downloaded at: https:
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Carlo simulation; Table S2: RfD and SF values of soil heavy metals under different exposure routes.
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