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Abstract

Uranium is a critical strategic resource. However, uranium mining can cause severe contam-
ination of surrounding soils by potentially toxic elements (PTEs). Conventional approaches
that separately perform source apportionment and risk assessment fail to establish a direct
linkage between pollution sources and their associated environmental and health risks.
Herein, we develop an integrated framework that combines the absolute principal com-
ponent score–multiple linear regression (APCS-MLR) model, the potential ecological risk
index, and Monte Carlo simulation. The established framework was used to try quantifying
the potential sources of soil PTEs and their corresponding ecological and human risks in
a uranium mining area. The results showed that the concentrations of U, Th, Cd, and Cr
significantly exceeded local background levels, with Cd and U exhibiting higher spatial
variability than the other PTEs. The APCS-MLR model identified three potential sources
of soil PTE contamination: mining activities, mixed anthropogenic-natural, and natural
sources. Mining and mixed sources were the dominant contributors to ecological risk,
jointly accounting for 88.7% of the total ecological risk, with Cd identified as the primary
ecological risk pollutant. The mixed sources also contributed the largest proportions of non-
carcinogenic and carcinogenic health risks, accounting for 52.56% and 67.5%, respectively.
Furthermore, children were found to face greater health risks than adults due to higher
exposure levels. Priority factor analysis indicated that pollution management should con-
tinuously monitor Cd derived from mining activities based on statistical inference. Overall,
the proposed integrated framework successfully established a quantitative linkage between
pollution sources and associated risks, providing a scientific basis for source-specific and
zone-specific soil pollution management in uranium mining areas.

Keywords: source apportionment; potentially toxic elements; risk assessment; APCS-MLR
receptor model; mine water and soil pollution

1. Introduction
Soil is a fundamental component of terrestrial ecosystems, and its environmental

quality is closely associated with ecological security, food security, and human health [1–3].
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Potentially toxic elements (PTEs) are characterized by their toxicity, persistence, and con-
cealed nature in the environment [4]. Once accumulated in soil above certain concentrations,
PTEs can impair ecosystem functions and threaten human health, making them a major
environmental concern that affects regional sustainable development [5–7]. Uranium
mining and metallurgical activities, particularly the long-term storage of mine tailings in
impoundments, promote the accumulation of PTEs in surrounding soils [8–10]. The soils
around uranium mines are commonly affected by conventional PTEs, which can result
in greater environmental risks and pose more challenges for regional management than
single-contaminant pollution [11–13].

Following decades of uranium mining, soil environmental pollution has become an
issue of increasing concern [14,15]. Previous studies have shown that the concentrations of
heavy metals, including Cu, Cr, Zn, Pb and Cd, frequently exceed local soil background
values [16]. These PTEs can be transported to surrounding farmland and residential areas
through water migration, atmospheric deposition, and surface runoff, where they continu-
ously accumulate in soils. Such contamination not only disrupts nutrient biogeochemical
cycling and biodiversity within farmland ecosystems, but also poses potential human risks
to local residents through multiple exposure pathways, including the soil-crop-human food
chain, dermal contact, inhalation [15,17,18].

To better understand the sources of soil PTEs contamination and evaluate the associ-
ated risks, source apportionment and risk assessment techniques have been progressively
applied in recent studies [19–21]. Indeed, receptor models, particularly positive matrix
factorization (PMF) and absolute principal component score–multiple linear regression
(APCS-MLR), are widely applied to identify sources of soil PTEs [22–24]. For example,
source apportionment-based on correlation analysis indicated that PTE contamination in
soils surrounding a mine in Guangxi province primarily originated from industrial and
mining activities, natural sources, agricultural inputs, atmospheric deposition sources and
unidentified sources [25]. In parallel, pollution assessment methods such as the poten-
tial ecological risk index and the Nemerow comprehensive pollution index have been
extensively employed to evaluate soil contamination. Ecological risk assessments have
consistently revealed severe PTE pollution in farmland soils [10,15,26,27]. Furthermore,
previous studies suggested that farmlands adjacent to smelters experienced the most severe
uranium contamination; whereas, farmlands surrounding tailings dams were predomi-
nantly polluted by Cd, Cr, Cu and Pb [15]. Despite these advances, several limitations
remain. Firstly, conventional source apportionment techniques mostly focus on identifying
the pollution sources and fail to quantify the contributions of individual sources to ecologi-
cal and human health risks, thereby limiting the effectiveness of targeted pollution control
strategies [24]. Secondly, routine risk assessments generally evaluate either conventional
heavy metals or radionuclides separately, ignoring the combined pollution effects of these
contaminants. Interactions between radionuclides and heavy metals during migration,
transformation, bioavailability, and toxicological processes may lead to risk estimates that
differ from actual environmental conditions [13,28]. Thirdly, most health risk assessments
are based on deterministic exposure parameters and fail to account for uncertainties in
variables such as daily intake, contact frequency. Consequently, these approaches cannot
adequately characterize the probabilistic nature of health risks [29–31].

To address these limitations, recent studies have attempted to integrate source ap-
portionment with the potential ecological risk method. For example, Wu et al. combined
principal component analysis with ecological risk assessment to identify pollution sources
and key control factors on Hainan Island, demonstrating the effectiveness of this integrated
framework in improving the precision of pollution management [27]. Nevertheless, the
integration of source apportionment with Monte Carlo into a unified frame-work based on
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probabilistic health risk assessment and potential health risk assessment, and establishment
of a quantitative correlation between pollution sources and ecological/health risks are still
relatively rare in soil research in uranium mining areas.

Against this backdrop, the present study selected a representative uranium mining
area in southern China to develop an integrated source apportionment-risk assessment
framework. The APCS-MLR receptor model was first employed to quantify the primary
sources of soil PTEs and their respective contributions. The receptor model mainly reveals
the statistical relationship between pollutants and potential sources, while source identifi-
cation combines geological information and land use characteristics with independent field
observations. Subsequently, the potential ecological risk index was applied to evaluate
ecological risks associated with combined PTE pollution. Finally, a Monte Carlo simulation-
based health risk assessment model was introduced to quantify the probabilistic human
health risks associated with different exposure pathways. The specific objectives of this
research are to (1) characterize the spatial distributions pattern and potential sources of soil
PTEs; (2) assess the ecological and health risks of soil PTEs associated with different pollu-
tion sources based on source apportionment; and (3) establish an integrated methodological
framework linking sources of soil PTEs to probabilistic risk assessment. The findings of this
study provide a scientific basis for identifying priority pollutants, and pollution sources,
thereby supporting source-oriented soil remediation and risk management in uranium
mining areas.

2. Materials and Methods
2.1. Study Area

The uranium mine is located in Jiangxi Province, southern China. The mining area
extends approximately 19.3 km from north to south, and 28.5 km from east to west, covering
a total area of 320 km2. The terrain generally slopes from west to east and exhibits diverse
geomorphological features. The study area is characterized by a well-developed drainage
system, with dense river networks and numerous tributaries arranged in a rhombic grid
pattern, forming a complete and interconnected hydrological drainage network. The
stratigraphy of the uranium deposit comprises a basement complex overlying by a cap
rock sequence [32,33]. The basement is dominated by early Mesoproterozoic metamorphic
rocks, including phyllite and mica quartz schist (Figure 1a). The cap rocks mainly consist of
volcanic sequences belonging to the Lower Cretaceous Daguding and Ehuling Formations,
which are predominantly composed of volcanic lavas and pyroclastic rocks [34].

The study area has a subtropical humid monsoon climate [35], with a mean annual
temperature of 19.4 ◦C and an average annual precipitation of 1563 mm. Land-use in the
surrounding area is dominated by agricultural land and forestland. Farmlands account
for approximately 35% of the total area, and are primarily cultivated with rice, rapeseed,
and peanuts. Apart from a water treatment plant, no other industrial facilities are located
within the research zone. The land use type in the study area is mainly farmland with
acidic characteristics. The lithology is mainly composed of silt and clay, belonging to the
type of silty clay.

2.2. Sample Collection, Pretreatment and Analysis

Soil sampling was conducted from 1 to 5 October 2024. The distribution of the
sampling locations is shown in Figure 1b. A total of 37 individual soil samples were
collected from the drainage channel at the bottom of the tailings impoundment dam and
the adjacent farmlands in the northern part of the uranium mining area. Five sampling
locations were arranged along the drainage channel at the dam bottom (L1, L17, L18, L19,
L20), where approximately 1 kg soil was collected at 20 cm depth intervals and sealed in
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labeled polyethylene bags. Fifteen sampling locations were established in the surrounding
farmlands. After removing the upper 30 cm of backfill soil, samples were collected from
two depth intervals (0–20 cm and 20–40 cm) at each location, which roughly corresponded
to the AB transition layer and the Bt viscous deposition layer. At locations L9, L11 and L13,
only the 0–20 cm soil layer was sampled because of high soil hardness. All collected soil
samples were sealed immediately after collection and transported to the laboratory within
24 h.

Figure 1. Geological map of the study area (a) and sampling locations (b).

Upon arrival at the laboratory, the soil samples were firstly air-dried, after which
visible impurities were removed. The samples were subject to grinding and sieving through
a 0.074 mm mesh. The sieved samples were then oven-dried to constant weight prior to
chemical analysis.

Particle-size distribution (clay, silt, and sand fractions) was analyzed by the pipette
sedimentation method. Total organic carbon (TOC) and total nitrogen (TN) were quantified
via dry combustion using an Elementar Vario MAX cube elemental analyzer (Elementar,
Langenselbold, Germany). Soil pH was measured in a 1:5 (mass/volume) soil–deionized
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water suspension with a Mettler-Toledo FE28 pH-meter equipped with a composite pH
electrode (Mettler-Toledo, Greifensee, Switzerland). All TOC and TN results are reported
as mass percentages on an oven-dry soil basis (105 ◦C), and hygroscopic moisture content
of air-dried samples was pre-determined and corrected in all mass-fraction calculations.

Trace element analysis of soil samples was performed in a clean laboratory following
the Chinese national standard HJ 781-2016 [36]. Specifically, 0.3 g of each soil sample was
weighed into a crucible, and 1 mL of ultrapure water was added to moisten the sample. The
crucible was placed on an electric hot plate and preheated to 180 ◦C under well-ventilated
conditions. Subsequently, 5 mL of concentrated hydrochloric acid was added, and the
sample was heated until nearly dry. Concentrated hydrochloric acid, hydrofluoric acid and
perchloric acid were then added sequentially at a volume ratio of 5:5:3. The samples were
further heated at 180 ◦C on the electric hot plate until the remaining solution was reduced
to approximately 2 mL. During heating, the crucible was gently shaken until dense white
fumes appeared, after which it was covered and heating continued until the residues turn
viscous. After digestion, the crucible was cooled to approximately 40 ◦C and 2 mL of 2%
diluted nitric acid was added to fully dissolved soluble residues. The mixture was cooled to
room temperature and quantitatively transferred to a 50 mL volumetric flask. The crucible
was rinsed several times with diluted nitric acid, and all rinsing solutions were collected
into the flask. The solutions were diluted with 2% nitric acid, and all rinsing solutions were
combined in the same flask. The final solution was diluted to volume with 2% nitric acid,
thoroughly mixed, and stored prior to instrumental analysis. Elemental concentrations
were determined using inductively coupled plasma mass spectrometry (ICP-MS). Before
analysis, a series of calibration standards solutions were prepared from certified stock
solutions, with concentration ranges covering the expected element concentrations in the
soil samples. Three parallel sub-samples were measured simultaneously for each soil
sample. The relative standard deviations of the measured PTE concentrations were all
below 5%. All analytical results were reported to three significant figures, consistent with
the method detection limits.

2.3. Source Apportionment Method

The APCS-MLR model quantifies the contribution rates of different pollution sources
by establishing a multiple linear regression relationship between the measured concentra-
tions of PTEs in soil and the corresponding absolute principal component scores [37–39].
The measured concentrations of all soil PTEs were first standardized to acquire normal-
ized factor scores of zero-concentration samples were then calculated for each PTE. The
corresponding formulas are shown in Equations (1) and (2):

Zni =
Cni − Ci

δi
(1)

Z0i =
C0i − Ci

δi
(2)

where Zni is standardized concentration of PTEi in the n-th sample; Z0i is standardized
value of the zero-concentration sample of PTEi; Cni is concentration of PTEi in the n-th
sample (mg/kg); Ci is average concentration of PTEi (mg/kg); δi is standard deviation
of PTEi.

Absolute principal component scores (APCS) were obtained by subtracting the factor
scores of zero-concentration samples from normalized factor scores. Using the APCS values
as independent variables and the measured concentrations of each PTE as dependent
variables, a multiple linear regression equation was established. The contribution rate of
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each pollution source to soil PTE concentrations was further calculated using the regression
coefficients according to Equation (3):

Cj= bj0+ ∑n
p=1 bpj × APCSP (3)

where Cj is measured concentration of PTEj (mg/kg); APCSp is absolute principal compo-
nent score of pollution source p; bj0 is constant term; bpj is regression coefficient of PTEj

against pollution source p; the term bpj × APCSp represents the contribution of source
p to Cj. Certain negative correlations were observed between pollution sources and PTE
concentrations. Absolute values of the regression coefficients were used to calculate the
source contribution rates.

2.4. Source Apportionment-Based Potential Ecological Risk Assessment Method

This method integrates source apportionment with the potential ecological risk in-
dex. Based on APCS-MLR results, the contributions of different pollution sources were
incorporated into the potential ecological risk model to quantify ecological risks associated
with PTEs originating from individual sources [23,40,41]. The calculation formulas are
presented in Equations (4) and (5):

Pi =
Ci

Si
(4)

RI =
n

∑
i=1

Ei
r =

n

∑
i=1

Ti
r × Pi

f =
n

∑
i=1

Ti
r ×

Pi
r

Pi
n

(5)

where Pi is single pollution index of element i; Ci is measured concentration of element i; Si
is the local geochemical background value of element i in soil; Ei

r is potential ecological risk
of PTE i in soil; Pi

f is single pollution factor of PTE i; Ti
r is toxic response factor of the i-th

PTE (Zn = 1, Ni = 5, Cu = 5, Pb = 5, Cr = 2, Cd = 30).
The potential ecological risk index (RI) is classified into four risk grades: low risk

(RI < 150), moderate risk (150 ≤ RI < 300), high risk (300 ≤ RI < 600), and extremely high
risk (RI ≥ 600). The assessment criteria for the potential ecological RI are listed in Table 1.

Table 1. The evaluation criteria of the potential ecological risk index (RI).

Potential Ecological Risk
Index (Ei)

Potential Ecological Risk
Index (RI) Ecological Hazard Level

Ei < 40 RI < 150 low
40 ≤ Ei < 80 150 ≤ RI < 300 moderate

80 ≤ Ei < 160 300 ≤ RI < 600 high
160 ≤ Ei 600 ≤ RI extremely high

2.5. Integration of Source Apportionment and Human Health Risk Assessment

Source apportionment was further integrated with human health risk assessment.
Based on the APCS-MLR results, the contributions of different pollution sources were
incorporated into human health risk assessment model to quantify health risks associated
with PTEs originating from individual pollution sources [42,43]. Specifically, the contri-
bution of each PTE from a single source was calculated based on the source contribution
ratio output by the APCS-MLR model. Subsequently, these source specific concentrations
were introduced into the US Environmental Protection Agency’s health risk model using
parameters related to overall risk assessment (RfD and SF). This method assumed that
the health risk contribution of each source was proportional to its contribution to PTE
concentration. Therefore, the calculated source specific risks represented the relative risk
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allocation between pollution sources, rather than independent toxicological effects caused
solely by a single source.

The health risk assessment model developed by the United States Environmental Pro-
tection Agency (USEPA) is a well-established tool for evaluating site-specific health risks
and has been widely applied in environmental health research [44]. Oral ingestion, inhala-
tion, and dermal contact were considered the three dominant exposure pathways through
which PTEs may pose risks to human health [44,45]. Human health risks were evaluated
by calculating risk indices for these three exposure pathways using Equations (6)–(8):

ADDing =
EPCsoil×IngR × EF × ED

ABW×Tavg
× 10−6 (6)

ADDinh =
EPCsoil × InhRsoil×EF × ED

PEF × ABW×Tavg
× 10−6 (7)

ADDder =
EPCsoil×ESSA × SAF × DAF × EF × ED

ABW×Tavg
× 10−6 (8)

where ADDing is daily absorbed dose of PTEs via oral ingestion; ADDinh is daily absorbed
dose via inhalation; ADDder is daily absorbed dose via dermal contact; EPCsoil is measured
PTE concentration in soil; IngR is soil ingestion rate; InhRsoil is soil dust inhalation rate; EF
is exposure frequency; ED is exposure duration; ABW is average body weight; PEF is soil
dust particulate emission factor; ESSA is exposed skin surface area; SAF is soil adherence
factor to skin; DAF is dermal absorption factor; Tavg is average exposure time. Relevant
parameters for human health risk calculations are summarized in Table 2.

Table 2. Parameters used in the human health risk model.

Parameters Meaning Unit Adults Children

IngR ingestion rate mg/d 100 200
InhRsoil inhalation rate m3/d 12.8 7.63

EF Exposure frequency d/year 350
ED Exposure duration year 30 6

ABW Average body weight kg 70 15
PEF Particulate emission factor m3/kg 1.36 × 109

ESSA Exposed skin surface area cm2 5700 2800
SAF Soil adherence factor cm−2·h−1 0.07 0.2
DAF Dermal absorption factor - 0.001

Tavg Average exposure time d Non-carcinogenic: ED × 365
Carcinogenic: 70 × 365

Note: “-” indicates no data available. The same below.

The carcinogenic risk index (CR, total carcinogenic risk TCR) and hazard index (HI)
were calculated using Equations (9) and (10):

HI =∑ HQi = ∑
ADDi

RfDi
(9)

TCR =∑ CRi = ∑ ADDi×SFi (10)

where ADDi is average daily exposure dose of element i; RfDi is reference dose of PTE i
for each exposure pathway; SFi is slope factor of PTE i for each exposure pathway. Risk
grading criteria: no non-carcinogenic risk exists when HI < 1; adverse non-carcinogenic
risks occur if HI ≥ 1. For carcinogenic risk: negligible risk at TCR < 10−6; low carcinogenic
risk at 10−6 ≤ TCR < 10−4; high carcinogenic risk at TCR > 10−4. Parameters for each PTE
are listed in Table 3.
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Table 3. Reference dose (RfD) and slope factor (SF) of PTE in different exposure pathways.

PTEs
RfD (mg·kg−1·d−1) SFi (kg·d·mg−1)

Oral Ingestion Inhalation Dermal Contact Oral Ingestion Inhalation Dermal Contact

Cr 3.00 × 10−3 2.86 × 10−5 6.00 × 10−5 0.501 42 20.0
Cu 4.00 × 10−2 4.02 × 10−2 1.20 × 10−2 - - -
Ni 2.00 × 10−2 2.06 × 10−2 5.40 × 10−3 - 0.84
Zn 3.00 × 10−1 3.00 × 10−1 6.00 × 10−2 - - -
Cd 1.00 × 10−3 1.00 × 10−5 1.00 × 10−5 6.3
Pb 3.50 × 10−3 3.52 × 10−3 5.25 × 10−4 - - -

Monte Carlo simulation has been widely adopted to quantify uncertainty in health
risk results [46–48]. As a numerical simulation technique based on random sampling and
probability statistics, it approximates solutions to complex problems through statistical
analysis of large number of randomly generated samples. Consequently, Monte Carlo
simulation has been extensively applied in numerical integration and stochastic process
simulation. In this study, probabilistic distributions were assigned to the model input
parameters (Table 4), and 10,000 iterative simulations were performed to generate random
parameter values. The resulting outputs were used to estimate the probability distributions
of the non-carcinogenic hazard index (HI) and total carcinogenic risk (TCR).

Table 4. Exposure dose simulation parameters [49].

Parameters Distribution Type Unit Adults Children

IngR lognormal distribution mg/d (16.57, 4.05) (7.19, 1.62)
InhRsoil triangular distribution m3/d (4, 30, 52) (66, 103, 161)

EF triangular distribution d/year (180, 345, 365)

ABW uniform distribution (adults)
lognormal distribution (children) kg (55.7, 68.6) (37.0, 2.98)

ESSA triangular distribution cm2 (760, 1530, 3820) (430, 860, 2160)
SAF lognormal distribution cm−2·h−1 (0.65, 1.20) (0.49, 0.54)

3. Results and Discussion
3.1. Soil Properties and Distribution Characteristics of PTEs in Soil

According to our recent research performed in the same region [50], the soil particle
size composition around the uranium mine varied moderately across all sampling sites. The
latest data (Supplemental Information, Figure S1 and Table S1) showed that silt dominated
the soil particle composition, with a wide fraction of 56.0–91.2%, representing the predom-
inant soil constituent. Sand and clay contents exhibited significantly lower proportions,
ranging from 7.4 to 36.0% and 1.4–24.0%, respectively. These texture characteristics indi-
cated that the soils were primarily silt-dominated soils, with minor variations in sand and
clay proportions among different sampling locations. According to IUSS Working Group
WRB. 2022 [51], most of the soil samples belonged to Spolic Technosol (Dystric, Siltic) and
Dystric Regosol (Siltic). The total organic carbon (TOC) content showed substantial spatial
heterogeneity, ranging from 0.49% to 6.90%. Most samples had moderate TOC levels. The
total nitrogen (TN) content varied from 0.02% to 0.69%, showing a consistent variation
trend with TOC content. The soil C/N ratio ranged from 7.34 to 24.55, with most values
concentrated between 8 and 14, indicating relatively stable organic matter mineralization
rates in most regional soils. The soil pH values ranged from 4.10 to 6.70, showing an
overall acidic to weakly acidic environment. No neutral or alkaline soil was observed in
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the sampling area. Most soil samples presented strong acidity (pH < 5.5), indicating that
mining-related activities have led to widespread acidification of local surface soils.

The statistical characteristics of PTE concentrations in the soils of the study area are
shown in Figure 2. Except for Cu, U and Th, the concentrations of all other PTEs were below
the risk screening values for agricultural soils specified in the National Soil Environmental
Quality Standard (GB 15618-2018 [52], Table 5). The concentration ranges (average values)
of the analyzed PTEs were as follows: Cr: 82.76–135.27 mg/kg (mean 115.79 mg/kg); Ni:
44.44–57.16 mg/kg (mean 49.85 mg/kg); Cu: 44.87–67.08 mg/kg (mean 53.05 mg/kg);
Zn: 106.68–160.66 mg/kg (mean 133.14 mg/kg); Cd: 0.09–0.88 mg/kg (mean 0.29 mg/kg);
Pb: 32.63–70.14 mg/kg (mean 46.61 mg/kg); Th: 16.21–55.74 mg/kg (mean 25.08 mg/kg);
U: 3.64–73.61 mg/kg (mean 13.70 mg/kg). Since no official soil risk screening values
were available for U and Th, only the remaining six elements were compared with the
national standards. The mean concentrations of Cr, Ni, Cu, Zn, Cd, and Pb corresponded
to 0.77, 0.71, 1.06, 0.66, 0.96 and 0.66 times their respective agricultural soil risk screening
values, respectively.

Figure 2. Statistical chart of PTEs concentrations in soil (the dotted line represents the risk screen-
ing value).

The average concentrations of all eight PTEs exceeded the corresponding local soil
background values by factors of 2.52 (Cr), 2.64 (Ni), 2.61 (Cu), 1.92 (Zn), 2.68 (Cd), 1.44 (Pb),
1.21 (Th) and 3.11 (U). The coefficient of variation (CV) was used to evaluate the spatial
variability of PTE concentrations and indirectly reflect the influence of anthropogenic
activities. The CV values followed the ordered: U (137.44%) > Cd (70.57%) > Th (33.91%) >
Pb (18.43%) > Cr (11.74%) > Zn (10.66%) > Cu (10.21%) > Ni (7.39%). According to the CV
classification, U and Cd exhibited high spatial variability (CV > 35%); Th showed moderate
spatial variability (15% ≤ CV < 35%); whereas, the remaining elements displayed low
variability. These results demonstrated that distribution of U, Cd and Th were strongly
influenced by anthropogenic activities, resulting in pronounced spatial heterogeneity and
localized enrichment within the study area.

The spatial distributions and variability of PTE were jointly controlled by natural
geological processes and long-term uranium mining activities [10,34,53]. The elevated
background concentrations of Cr, Ni, Cu, Zn, Pb and Th were primarily associated with
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regional lithology. Specifically, the Proterozoic metamorphic basement and Cretaceous
volcanic cap rocks possess naturally elevated trace-element contents, leading to background
concentrations that are generally higher that the local soil background values. In contrast,
the extremely high coefficients of variation in U and Cd clearly indicate that their distribu-
tion were predominantly influenced by anthropogenic activities associated with uranium
mining and tailings stockpiling [10,12]. Weathering of uranium-bearing ore and the con-
tinuous leaching of tailings impoundments released substantial amounts of U and Cd
into surrounding soils through surface runoff and atmospheric dust deposition, resulting
in localized hotspots with elevated concentrations, particularly near tailings dams and
drainage channels [54].

Th exhibited moderate spatial variability, suggesting that its distribution was con-
trolled by both natural geological sources and mining activities. Its natural occurrence in
the parent bedrock established baseline concentration; whereas, the discharge of mining
wastewater further elevated Th concentration in downslope agricultural soils. In contrast,
elements with relatively low CV values (Cr, Ni, Cu, Zn, Pb) appeared to be less affected by
mining activities, and their spatial distribution remained largely controlled by pedogenic
and lithogenic processes. Their concentrations also remained below national risk screening
values for agricultural soils. Overall, regional lithology and soil-forming processes estab-
lished the natural geochemical baseline of PTEs; whereas, uranium mining represented the
dominant anthropogenic driver that enhanced the spatial heterogeneity of toxic elements
(esp. U and Cd) and promoted the formation of localized soil contamination hotspots.

Table 5. Statistical characteristics of PTEs concentration in soil [55].

Cr Ni Cu Zn Cd Pb Th U

Min. 82.76 44.44 44.87 106.68 0.09 32.63 16.21 3.64
Max. 135.27 57.16 67.08 160.66 0.88 70.14 55.74 73.61
Mean 115.79 49.85 53.05 133.14 0.29 46.61 25.08 13.70
STD 13.59 3.69 5.41 14.19 0.20 8.59 8.51 18.83

CV (%) 11.74 7.39 10.21 10.66 70.57 18.43 33.91 137.44
Skew. coefficient −0.71 0.48 0.70 0.24 1.88 1.38 2.66 2.46

Kurt. 0.41 −0.65 1.00 −0.47 3.81 2.72 8.93 5.50
Background 45.9 18.9 20.3 69.4 0.108 32.3 20.7 4.4

Risk screening value 150 70 50 200 0.3 70 - -

3.2. Source Identification of PTEs in Soil
3.2.1. Correlation Analysis

Correlation analysis was conducted to examine the interrelationships among PTEs in
the soil and to provide a basis for subsequent source apportionment. Significant correlations
between different PTEs generally indicate that they originate from common pollution
sources [47,56]. Pearson and Spearman are the two most widely used for evaluating
relationships among environmental variables [57,58]. Because the distributions of U, Th,
Cd, Pb and other elements did not satisfy the assumptions required for Pearson correlation
analysis, Spearman correlation analysis was employed to investigate the relationships
among PTEs in soil samples collected from the study area. As shown in the correlation
heatmap (Figure 3), significant positive correlations were observed among Cd, Pb, U
and Th, as well as between Zn and Cr (r > 0.5). In contrast, Zn exhibited only a weak
positive correlation with Ni (r < 0.5), suggesting that these two elements may originate
from multiple pollution sources. Therefore, further source apportionment analysis was
required to discriminate their respective pollution sources contributions.
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Figure 3. Correlation graph of potentially toxic elements in soil (*: p < 0.05; **: p < 0.01; ***: p < 0.001;
ns: not significant).

3.2.2. Principal Component Analysis

The standardized dataset of soil PTEs was analyzed using SPSS 27. Prior to principal
component analysis (PCA), the suitability of dataset was evaluated using the KMO measure
and Bartlett’s test of sphericity. The KMO value was 0.523 (>0.5), and Bartlett’s test of
sphericity was highly significant (p < 0.01). Eight variables (8 PTEs) and a sample size of
37 (n = 37) were employed for PCA. Two principal components with eigenvalues greater
than 1 were extracted, explaining a cumulative 72.6% of the total variance (Table 6), which
adequately represented the information contained in the original dataset.

Table 6. Potentially toxic elements load factor and variance contribution rates.

PTEs
Components

PC1 PC2

Cr 0.042 0.972
Cu −0.392 0.699
Ni −0.318 0.763
Zn −0.079 0.957
Cd 0.732 0.197
Pb 0.911 0.103
Th 0.713 0.181
U 0.755 0.253

Contribution (%) 36.576 36.039

The first principal component (PC1) accounted for 36.576% of the total variance, and
exhibited strong positive loadings for Cd, Pb, Th and U. Combined with the correlation
analysis, these four elements were inferred to originate primarily from a common pollution
source. As shown in Table 5, the average concentrations of the four elements substantially
exceeded the corresponding soil background values and were associated with relatively
high coefficients of variation, implying strong anthropogenic influence. The agricultural
land is located downstream of the tailings impoundment, making it susceptible to contami-
nation from mining activities. During uranium ore mining, stockpiling and transportation,
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PTEs including Cd, Th and U can be transported to adjacent farmlands via rainwater ero-
sion and surface runoff, resulting in accumulation in agricultural soils. This interpretation
is consistent with the findings of Dai et al. [59]. In addition, previous studies have shown
that Pb can also be released into surrounding soils during mining and ore-processing activ-
ities [60]. Accordingly, considering the mining history and elemental spatial characteristics,
PC1 was identified as representing the mining and metallurgical activity source.

The second principal component (PC2) contributed 36.039% of the total variance, and
showed strong positive loadings for Cr, Ni and Zn. As presented in Table 5, the mean
concentrations of these three PTEs were markedly higher than the corresponding local soil
background values. Previous studies have demonstrated that Cr was predominantly con-
trolled by natural factors such as soil environmental evolution and parent materials [61–63].
Nevertheless, the elevated average Cr concentration observed in this study suggests addi-
tional anthropogenic inputs, including long-term application of Cr-containing pesticides
and accumulation of Cr-bearing plastic waste associated with agricultural activities. Zn also
exhibited a relatively high spatial variability, indicating the influence of human activities.
Zn-bearing minerals may be released into surrounding soils, consistent with the findings
of Han et al. [64]. Therefore, PC2 was interpreted as a mixed anthropogenic and natural
source, potentially influenced by agricultural activities and geological processes.

3.2.3. APCS-MLR Model Analysis

Based on PCA results, the factor scores were transformed into absolute principal
component scores (APCS). Multiple linear regression models were then established using
the APCS values as independent variables and measured concentration s of soil PTEs as
dependent variables to quantify the contributions of different pollution sources. The model
performance was evaluated by comparing the predicted and measured concentrations of
each PTE, and coefficients of determination (R2) were calculated. The R2 values ranged from
0.637 to 0.847 for all PTEs, while the ratios of predicted to measured concentrations were
close to 1, indicating good model performance and satisfactory predictive capability [37,65].

The analytical results of the contribution ratios of different pollution sources to various
PETs obtained from the APCS-MLR model are shown in Figure 4, Source 1 contributed
predominantly to U, Pb and Th, and was therefore identified as the mining-metallurgical
source. Source 2 showed the highest contributions to Ni, Cu, Zn and Cr, and was classified
as the mixed source associated with mining activities, natural geogenic processes, and
agricultural practices. Source 3 represented the natural geogenic source, with Cr exhibiting
the largest contribution from source 3. The dominant contribution of source 3 to Cr is
consistent with previous evidence that Cr concentrations are largely controlled by parent
materials and pedogenic processes. Therefore, source 3 was preliminarily identified as the
natural source.

3.3. Source Apportionment-Based Ecological Risk Assessment

Because no official soil risk screening values were available for U and Th; thus, only
Cr, Ni, Cu, Zn, Cd and Pb were included in the ecological risk assessment in this study. The
mean single potential ecological risk coefficients (Ei

r) for Cr, Ni, Cu, Zn, Cd and Pb were 5.05,
13.19, 13.07, 1.92, 79.30 and 7.22, respectively, as calculated using the potential ecological
risk index. Among these elements, Cr, Ni, Cu and Zn presented low single-factor ecological
risks; whereas, Cd exhibited a moderate single-factor ecological risk. The comprehensive
potential ecological risk index (RI) of soil samples ranged from 64.50 to 288.81 with an
average value of 119.37. Approximately 85% of the soil samples were classified as having
low ecological risk while the remaining 15% fell into the moderate risk category, indicating
that the overall potential ecological risk in the study area was generally low.
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Figure 4. Contribution rate of PTEs pollution sources in soil.

The source-specific single ecological risks of PTEs are presented in Figure 5a–c. The
results revealed that the average single-factor ecological risk index of Cd contributed by
mining-metallurgical sources exceeded 40, corresponding to moderate risk. In contrast, the
mean Cd risk coefficients associated with the other two sources were below 40 and were
therefore classified as low ecological risk. In terms of integrated ecological risk index (RI) for
the three pollution sources is presented in Figure 5d; where the dashed lines in each subplot
indicate the threshold between low and moderate risk. The ecological risk contributions
of three sources followed the order: mixed source (57.6) > mining-metallurgical source
(48.3) > natural source (5.8). The mixed source contributed the largest proportion of overall
ecological risks, with Cd identified as the primary risk factor. This pattern can be explained
by two key mechanisms [23,66]. Firstly, Cd was one of the major PTEs released from
mining and metallurgical activities as well as agricultural practices. Secondly, Cd has a
toxic response factor of 30, which is 3–15 times higher than those of other target elements.
Consequently, Cd contributed disproportionately to the total ecological risk, even when its
concentration was relatively low. Furthermore, soil physicochemical properties (e.g., pH,
organic matter content) and the chemical speciation of PTEs may further influence their
ecological hazards. These factors should therefore be incorporated into future ecological
risk assessments. Collectively, the results indicate that effective control of anthropogenic
Cd emissions should be prioritized to reduce ecological risks in the soils of the uranium
mining area.

3.4. Source Apportionment-Based Health Risk Assessment

The probability distribution of health risks of PTEs in soils from different sources is
shown in Figure 6. The dashed line in the figures represented the 95% comprehensive
non-carcinogenic/carcinogenic risk hazard index values for children and adults from
different sources. The Monte Carlo simulation using a “crystal ball” to evaluate the non-
carcinogenic hazard quotients (Table 7) and carcinogenic risks (Table 8) posed by soil
PTEs from distinct pollution sources for adults and children via three exposure pathways
(oral ingestion, inhalation, and dermal contact). The results demonstrated that children
consistently exhibited higher non-carcinogenic hazard quotients and carcinogenic risks
across all exposure pathways compared with adults. This disparity is mainly attributed
to children’s higher exposure intake relative to body weight, incomplete physiological
development, and relatively weaker tolerance to environmental pollutants [67,68].
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Figure 5. (a): Single-factor potential ecological index map of mining and metallurgical activity
sources; (b): mixed-source single-factor potential ecological index map; (c): natural source single-
factor potential ecological index map; (d): comprehensive potential ecological risk index chart from
different sources (The dot line represents the low to moderate risk boundary).

Table 7. Non-carcinogenic risk of PTEs from different sources.

PTEs
Mining Source Mixed Source Natural Source

Adults Children Adults Children Adults Children

Cr 8.46 × 10−3 1.48 × 10−2 5.36 × 10−2 9.35 × 10−2 9.82 × 10−4 1.71 × 10−3

Cu 1.14 × 10−4 2.15 × 10−4 1.52 × 10−3 2.86 × 10−3 1.71 × 10−4 3.23 × 10−4

Ni 9.92 × 10−5 1.87 × 10−4 2.81 × 10−3 5.29 × 10−3 4.93 × 10−4 9.28 × 10−4

Zn 8.24 × 10−5 1.46 × 10−4 5.19 × 10−4 9.22 × 10−4 1.81 × 10−5 3.22 × 10−5

Cd 3.33 × 10−4 5.70 × 10−4 2.08 × 10−4 3.55 × 10−4 8.83 × 10−6 1.51 × 10−5

Pb 1.40 × 10−2 2.50 × 10−2 3.60 × 10−3 6.45 × 10−3 1.43 × 10−3 2.56 × 10−3

Table 8. Carcinogenic risks of PTEs from different sources.

PTEs
Mining Source Mixed Source Natural Source

Adults Children Adults Children Adults Children

Cr 4.99 × 10−10 1.11 × 10−7 2.72 × 10−8 6.04 × 10−6 4.30 × 10−9 9.53 × 10−7

Ni 4.93 × 10−11 1.88 × 10−8 2.81 × 10−10 1.07 × 10−7 9.92 × 10−12 3.79 × 10−9

Cd 3.37 × 10−11 1.36 × 10−10 7.94 × 10−10 3.21 × 10−9 1.27 × 10−9 5.15 × 10−9

Although the average non-carcinogenic hazard quotients of PTEs from all pollution
sources were below the safety threshold of 1.0, indicating acceptable non-carcinogenic
risks, several health concerns remain. Specifically, Pb and Cd originating from mining and
metallurgical sources induced carcinogenic risks within the tolerable range for both adults
and children.

Human health risks were closely associated with soil PTEs concentrations. Such as,
the maximum Cr concentration in the investigated region reached 135.27 mg/kg. Spatial
analysis further indicated that areas in close proximity to tailings impoundments exhibited
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the highest Cr concentrations. These elevated risks were jointly controlled by the natural
release of Cr through weathering of parent materials and additional anthropogenic inputs
associated with uranium mining activities [69,70].

Figure 6. Probability distribution of non-carcinogenic and carcinogenic risks of PTEs from different
sources ((a): non-carcinogenic risk of mining and metallurgy activities; (b): non-carcinogenic risk of
mixed sources; (c): natural non-carcinogenic risk; (d): carcinogenic risk of mining and metallurgy
activities; (e): carcinogenic risk of mixed sources; (f): natural cancer risk. Given that only total Cr
concentration was determined in this study, the estimated Cr carcinogenic values are upper-bound
values and do not represent the actual risk of Cr(VI)).

It also should be pointed out that the source specific health risk assessment used in
this study was a quantitative method provided for identifying priority pollution sources,
and there was a certain degree of uncertainty. Because the differences in pollutant bioavail-
ability, potential interactions between multiple elements, and source-dependent exposure
characteristics were not taken into account. Future research needs to integrate bioavail-
ability measurements and more detailed toxicological mechanisms to further improve risk
assessment of specific sources.

3.5. Identification of Priority Control Pollutants

The linkage among pollution sources of PTEs, ecological risks and human health
risks in the study area is exemplified in Figure 7. From the perspective of ecological risk,
the mining and metallurgical sources and the mixed sources were dominant contributors,
jointly accounting for 88.7% of total ecological risk, with Cd identified as the primary
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ecological pollutant. In terms of health risks, the mixed sources contributed the largest
proportions of both non-carcinogenic and carcinogenic risks, accounting for 52.56% and
67.5% respectively.

Figure 7. Relationship between sources and risks of PTEs in soil.

Overall, based on the above statistical associations, Cd originating from the mining and
metallurgical sources was associated with high ecological risks but relatively low health
risks. In contrast, Cr derived from mixed sources posed comparatively low ecological
hazards. These findings are consistent with those reported by Ma et al. [38], who showed
that natural sources contributed minimally to soil Cd contamination. Similarly, Lei et al. [71]
identified Cd as the priority pollutant for ecological risk; whereas, Cr was the dominant
contributor to health risks in mining areas of Southwestern China. According to data
from the Jiangxi Provincial Bureau of Statistics, the province has used approximately
130,000 tons of phosphate fertilizer annually in the past four years. Moreover, studies
have shown that phosphate fertilizers can introduce Cd into agricultural soils [72,73].
Therefore, the Cd enrichment in the soil of the study area was ultimately considered to be
related to mining related activities, but additional contributions from agricultural activities
cannot be ruled out. These results demonstrated that targeted risk management strategies
should be developed by comprehensively considering the source apportionment, pollution
concentration, and toxicity differences in PTE. On-site emission data and elemental species
should also be considered. In contrast, Cd contributed relatively little to the overall human
health risk because of its comparatively low reference dose (RfD) and carcinogenic slope
factor (SFi) adopted in the health risk assessment model [74].

Based on these findings, Cr derived from the mixed sources should be regarded as the
top-priority pollutant for pollution control, and targeted measures should be implemented
to reduce its associated contamination. It must be noted that, since actual Cr speciation are
not obtained, this management recommendation was solely derived from upper-bound
estimates based on total Cr measurements, which may lack a scientific basis. However, the
long-term ecological impacts of Cd originating from mining-metallurgical sources should
be continuously monitored to prevent its accumulation and biomagnification through the
soil-food chain.

3.6. Limitations

Although this study quantified source contributions and coupled ecological and hu-
man health risks of PTEs in soils around a uranium mining area using APCS-MLR, potential
ecological risk index and Monte Carlo simulation, several inherent limitations exist. Firstly,
the risk evaluation only focused on chemical toxicity of PTEs rather than radiological
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hazards. Thus, we determined U and Th concentrations in soils, but did not carry out quan-
titative radiological risk assessment linked to radionuclides such as 238U, 226Ra and 232Th.
Future work should collect radioactivity activity data and conduct integrated chemical and
radiological risk evaluation. Secondly, only total Cr concentrations were determined via
ICP-MS, while speciation analysis was not done to distinguish Cr(III) from Cr(VI). Given
that carcinogenic parameters adopted in health risk calculation were specific to Cr(VI),
the estimated carcinogenic risks associated with total Cr carried uncertainties. Thus, the
interpretations regarding Cr health risks should be interpreted prudently, and they do not
represent the actual Cr(VI) risk. Subsequent sampling campaigns will include sequential
extraction or speciation testing to differentiate Cr species. Moreover, as direct Cr speciation
data are unavailable in the present work, the aforementioned management recommenda-
tions rely exclusively on upper-bound estimates calculated from total Cr concentrations.
Future investigations focusing on Cr speciation analysis are required to establish a robust
scientific foundation for such suggestions. Thirdly, the KMO value (0.523) for PCA was
a bit lower than the commonly recommended threshold of 0.6. Two principal compo-
nents were initially extracted according to standard criteria; whereas, a third component
was retained in the APCS-MLR modeling workflow. This might introduce uncertainty
into source identification results. PCA/APCS-MLR is a statistical receptor model that
provides speculative source discrimination rather than definitive source proof. Reliable
source verification requires auxiliary evidence including mineralogical characterization,
pollutant species, field emission monitoring and geochemical background surveys. Finally,
the management suggestions proposed in this study were derived from statistical source
apportionment and chemical risk calculation. Due to the above uncertainties related to
PCA performance, undifferentiated Cr species, and absence of radiological risk assessment,
relevant policy recommendations should be regarded as preliminary references. Future
research that combines speciation analysis, isotope tracing, and field emission monitoring
should be done to further validate the present findings.

4. Conclusions
This work established an integrated methodological framework that linked source

apportionment to probabilistic risk assessment, by combining APCS-MLR receptor model
and Monte Carlo-based probabilistic ecological and human health risk assessment. The
proposed framework was successfully applied to source apportionment and risk assessment
for PTEs-contaminated soils in a uranium mining area of southern Jiangxi province. Based
on statistical inference, three potential pollution sources of soil PTEs were identified:
a mining and metallurgical source, a mixed source composed of mining activities and
agricultural activities, and a naturally occurring source. Source-specific risk quantification
preliminarily suggested distinct ecological and human health risk profiles among the
identified pollution sources. Cd, which originated primarily from mining and metallurgical
activities, was the dominant contributor to regional ecological risks because of its extremely
high toxic response factor. However, under the exposure scenarios considered in this
study, Cd posed relatively low human health risks. It must be noted that, although Cr was
identified as a health-risk pollutant based on its total concentration measurements, these
outcomes do not represent the actual risk from Cr(VI), since Cr speciation analyses were not
performed in the present study. Notwithstanding, our findings demonstrate that effective
soil pollution management in uranium mining areas requires an integrated framework
that combines source apportionment, spatial distribution of contamination, species-specific
toxic properties and differentiated hazard endpoints encompassing both ecological and
human health risks. Such an approach enables the identification of priority pollution based
not only on their source specific risk contributions. Furthermore, site-specific pollutants
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(e.g., Cd) should be prioritized to support long-term soil risk management and targeted
pollution control in uranium mining watersheds.

Supplementary Materials: The following supporting information can be downloaded at: https://www.
mdpi.com/article/10.3390/toxics14090748/s1, Figure S1: Distribution of sampling sites in study area;
Table S1: Physicochemical soil parameters.
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