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Abstract: The impacts of heavy metal pollution in arable soil on agricultural production, environ-
mental health, and the wellbeing of urban and rural residents cannot be overlooked. It has become
a significant bottleneck in achieving comprehensive rural revitalization. To accurately grasp the
characteristics of heavy metal pollution in suburban cultivated soil, Tangwang Village (a suburb of
Huainan City) was subjected to scrutiny. The contents of heavy metals (Hg, Cu, Hg, As, Pb, Cr, Cd,
and Zn) in the topsoil of cultivated land in this area were detected, and their spatial distribution
characteristics were analyzed using inverse distance spatial interpolation. (1) After conducting a
comprehensive analysis and thorough examination of the PMF model sources, it was determined
that Cu, Cd, and Zn exhibit a direct correlation with agricultural practices, collectively contributing
to a cumulative percentage of 21.10%. Meanwhile, Cr is derived from a combination of sources,
including both natural parent materials and human activities, accounting for a total proportion of
24.45%. Notably, lead emissions from automobile exhausts constitute a significant source, while
arsenic is primarily associated with dispersed factories and their respective operations, contributing
to respective proportions of 36.38% and 18.07%. It is evident that agricultural practices, transporta-
tion, and industrial activities are the main reasons for heavy metal pollution in arable soil. (2) The
evaluation of geological accumulation indicators reveals that the level of soil arsenic accumulation
pollution is mild to moderate (1.199). On the other hand, the cumulative pollution level of Cd, Hg,
Cr, and Cu was relatively low (0.462→0.186), whereas the levels of Pb and Zn were below the thresh-
old. (3) The assessment of the ecological risk index revealed that the predominant elements posing
potential ecological risks in the investigated region were Hg, As, and Cd, with average Ei values of
E(Hg) = 86.81, E(As) = 80.67, and E(Cd) = 67.83, respectively. (4) The human health risk assessment
revealed significant differences in the single non-carcinogenic risk values of heavy metals generated
by different exposure pathways, with oral ingestion > dermal contact > oral nasal inhalation. Children
were more susceptible to the toxic effects of heavy metals compared to adults. Both As and Cr caused
an increased risk of cancer in both children and adults, which is a matter of great concern. The results
of this study contribute to a more accurate description of the sources of heavy metals in farmland soil.
This study indicates that the application of PMF for soil source analysis yields clear results that can
be further applied. This research also has potential policy significance as it can help to improve the
sustainability of ecosystems by coordinating both environmental and human activities.

Keywords: farmland soil; heavy metals; source analysis; geographical information system; positive
definite matrix model; health risk assessment
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1. Introduction

The FAO is exploring how the water–energy–food nexus can support food security and
sustainable agriculture worldwide [1]. Understanding the complex relationship between
water, energy, and food is key to ensuring the integrity of ecosystems [2]. Land resources
form the foundation of agriculture and other rural land uses. The interaction between
the various components of land resources is essential for determining the productivity
and sustainability of agroecosystems [3,4]. The FAO is responding to the need to increase
food production from a degraded natural resource base by supporting the restoration of
land productivity and ecosystem services [5–7]. Timely information on the status of land
resources is crucial for decision making by farmers, local and provincial authorities, and
national governments. In addition, one of the United Nations’ Sustainable Development
Goals (SGDs) is to achieve food security, improve nutrition, and promote sustainable
agriculture [8–11].

Soil is one of the most fundamental natural resources, serving as an important source of
food and ecological security as well as a cornerstone of rural revitalization. The quantity and
quality of arable land resources are key parameters for food production capacity [12]. With
the continuing expansion of industrialization and urbanization, along with the destruction
caused by natural disasters, the total amount of arable land in China is decreasing, and the
quality of arable land has also declined [13]. In order to safeguard national food security,
there is an urgent need to implement the strategy of “storing grain in the ground” [14],
which requires ensuring the quantity and quality of arable land. The results of the third
national land survey published in 2021 demonstrated that the area of arable land has
decreased by 7.53 million hectares nationwide and that the overall condition of arable
soil quality is not optimal, with heavy metal soil pollution being found in some areas [15].
Heavy metals that enter the soil can enter the food chain through crops, affecting the quality
and safety of these crops and the health of the population that consumes them [16]. Because
of this, scientific monitoring tools are needed to obtain the spatial distribution of heavy
metals in arable soils and to evaluate their associated health risks.

Currently, scholars have extensively investigated the spatial distribution, origins, and
potential health hazards of heavy metals in cultivated land, both domestically and inter-
nationally. Previous research has indicated that the heavy metal levels in cultivated soils
in numerous regions surpass the acceptable limits, indicating a tendency for pollutants
to accumulate. Commonly detected pollutants include copper (Cu), mercury (Hg), ar-
senic (As), chromium (Cr), cadmium (Cd), lead (Pb), and zinc (Zn) [17–20]. The primary
approaches for assessing heavy metal pollution in arable soils include the single factor
pollution index and the Nemero comprehensive pollution index [21]. As for evaluating
the health risks associated with soil heavy metal contamination, the prevailing models
include the geological accumulation index, the potential ecological risk index, and human
health risk assessment [22–24]. These methods provide a scientific methodological basis
for the analysis and evaluation of heavy metal pollution and the related health risks in
cultivated land at different survey sites. In terms of identifying the sources of soil heavy
metal pollution, previous studies have mainly used multivariate statistical methods [24],
positive matrix factorization (PMF) [25], isotope tracing methods [26], and geospatial analy-
sis methods [27]. The PMF model is regarded as a dependable receptor model used for the
analysis of pollution sources. It is widely utilized in the field of environmental pollution
source analysis. In this model, the error of each chemical component in particulate matter
is calculated by using weights before the main sources of particulate matter, and their
contributions are determined by means of the least squares method. Compared with other
source analysis methods, it does not require the measurement of source component spectra,
the elemental contribution in the decomposition matrix is non-negative [28], it allows
for the utilization of the standard deviation of data for optimization, and it is capable of
effectively handling missing and inaccurate data [29]. Therefore, the application of this
method can significantly contribute to the successful implementation of measures aimed at
preventing and controlling heavy metal pollution in arable soils.
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Suburban agriculture plays a vital role in ensuring food supply and enhancing the
resilience of food systems in urban areas [30]. However, due to the intricate nature of the en-
vironment, intensive human activities, and complex land use systems, there is an increased
risk of soil heavy metal pollution in suburban cultivated land [31–34]. Unfortunately, there
is currently a lack of comprehensive research on the analysis of pollution sources and the
assessment of health risks associated with heavy metals in suburban farmland soil [35].
Therefore, it is imperative to conduct thorough research on the spatial distribution, analysis
of pollution sources, and assessment of the health risks posed by heavy metals in suburban
farmland soil.

This study conducted an examination of Tangwang village, which is situated on the
outskirts of Huainan City, China. The top layer of soil from the arable land in the region was
gathered and subjected to analysis in order to identify the presence of various heavy metals,
including Hg, Cu, Hg, As, Pb, Cr, Cd, and Zn. Inverse distance spatial interpolation was
applied to analyze the metal spatial distribution characteristics, and correlation analysis and
PMF modelling were applied to analyze heavy metal sources. The ecological and human
health risks of the above heavy metals were evaluated using the geological accumulation
index, the potential ecological risk index, and the human health risk evaluation model. The
study’s findings provide empirical support for managing heavy metal contamination in
agricultural soil in the region, which helps to mitigate soil pollution. Additionally, the study
aids in identifying farmland regions that require protection, allowing proactive measures
to be taken and ultimately facilitating rural rejuvenation objectives.

2. Materials and Methods
2.1. Study Area

The study area encompasses the geographical coordinates of N 32.478–32.509 and
E 116.880–116.971, situated in the north-central region of Anhui Province. Specifically,
it is located in the Xiejiaji district, which can be found on the southwestern outskirts of
Huainan City. This area consists of 21 village groups, accommodating a population of
3852 individuals. Furthermore, it has an arable land area measuring 4729 mu, as illustrated
in Figure 1. In close proximity to the Xiejiaji mining area, the study site boasts an abundance
of mineral resources characterized by exceptional quality. The terrain is characterized by
gentle slopes, mainly comprising plains and hills, with altitudes spanning from 16 to
47 m. The climate of this region is classified as subtropical, representing the northernmost
boundary of the monsoonal humid climate. It is characterized by long winters and summers,
as well as shorter spring and autumn seasons, demonstrating distinct seasonal variations.
The average annual temperature ranges from 14.8 to 14.9 ◦C. January experiences the
lowest temperatures, while July is the hottest month, resulting in an annual temperature
fluctuation of 27.2 ◦C.

2.2. Sample Collection and Analysis

The 1 m resolution national land cover data of China were downloaded from the Earth
System Science Data journal website. The land cover data (SinoLC-1) were obtained using
vector boundary cropping of the study area [36] and imported into ArcGIS 10.8 software
with a 500 m × 500 m grid placement to present the sampling points for cropland type
(Figure 1). Soil samples were collected in late November of 2022, and the geographical co-
ordinates of the sampling points were determined on site using a handheld GPS. Sampling
was carried out for areas with more arable land, and each sampling point occupied an area
of approximately 20 cm × 20 cm (400 cm2) with a sampling depth of 20 cm. The samples
consisted of three sub-samples randomly mixed to form a single sample, resulting in a total
of 54 points (Figure 1). The sample collection process followed the Technical Specification
for Soil Environmental Monitoring (HJ/T166-2004) [37].
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All soil samples were brought back to the laboratory and, after natural drying, were
cleared of dead leaves and other debris. The samples were then ground in a mortar and
passed through a 100-mesh sieve. The soil samples were sieved and precisely weighed
using an analytical balance with an accuracy of 0.0001 g. They were then packed into tubes
made from polytetrafluoroethylene (PTFE) and digested with a mixture of 6 mL of 65–68%
nitric acid (Shanghai Zhenqi Chemical Reagent Co., Ltd., Shanghai, China), 4 mL of 40%
hydrofluoric acid (Yantai Shuangshuang Chemical Co., Ltd., Yantai, China), and 4 mL of
70–72% perchloric acid (Chengdu Jinshan Chemical Reagent Co., Ltd., Chengdu, China).
The resultant solution was made up to 25 mL with deionized water, and 10 mL of the
supernatant was extracted for testing. The concentrations of Cu, Pb, Zn, Cd, As, Hg, and Cr
were determined by means of inductively coupled plasma atomic emission spectrometry
(ICP-OES, model Avio550, PerkinElmer, Waltham, MA, USA) and inductively coupled
plasma mass spectrometry (ICP-MS, model NexlON300 series, PerkinElmer, Waltham, MA,
USA) [38]. Furthermore, we conducted the analysis of the soil samples using certified
reference samples and the standard reference substance GBW07401 (GSS-1) to ensure
accurate quality control. It is worth noting that the recovery rate of heavy metal elements
ranged from 90% to 105%, indicating a high level of precision. Additionally, the relative
error of the measurement results remained within ±5%, further confirming the reliability
of our findings. The detection limits of soil Cd, Hg, Pb, As, Cr, Cu, and Zn were 0.03, 0.0005,
2.0, 1.0, 5.0, 1.0, and 4.0 mg/kg, respectively. The analytical test results and detection limits
of the samples followed the requirements of the Specification for Geochemical Evaluation
of Land Quality (DZIT 0295-2016) [39].

Secondly, due to the limited availability of experimental facilities, all soil physical and
chemical properties were sent for testing, except for the pH value (pH meter, model FE28,
Shanghai, China), moisture content, and particle size (laser particle size analyzer, model
RISE-2006, Jinan, China). Among them, the cation exchange capacity (CEC) was determined
via the spectrophotometric method (UV-visible spectrophotometer, model 756PC, Shanghai,
China). Soil organic matter (SOM) is usually determined using the combustion method
(0.005 mol/L sulfuric acid standard solution, Shanghai Macklin Biochemical Technology



Agronomy 2024, 14, 394 5 of 23

Co., Ltd., Shanghai, China), while total nitrogen (TN) is determined using the semi-micro
Kjeldahl method (0.005 mol/L sulfuric acid standard solution, Shanghai Macklin Biochemi-
cal Technology Co., Ltd., Shanghai, China). The testing process was carried out by Jiangsu
Huace Standard Testing and Certification Technology Co., Ltd. (Jiangsu, China) and was
completed on 27 April 2023. The basic physical and chemical properties of the soil sample
to be analyzed are shown in Table 1.

Table 1. Basic physical and chemical properties in test soil.

Project Min Max Mean Standard
Deviation (SD)

Coefficient of
Variation (CV) Skewness Kurtosis

pH 4.96 6.43 5.422 0.490 0.090 1.318 0.581
CEC(cmol(+)/kg) 10.80 21.60 15.464 3.704 0.240 0.291 −0.986

SOM (g/kg) 17.50 31.80 26.291 5.250 0.200 −0.542 −1.296
TN (%) 0.109 0.164 0.139 0.016 0.115 −0.482 0.089

Moisture (%) 16.17 29.39 23.620 3.360 0.142 0.001 −0.80
Sand (%) 0.01 100.00 27.980 38.271 1.368 1.257 −0.135
Silt (%) 0.03 32.99 2.840 6.929 2.440 2.952 8.652

Clay (%) 0.01 100.00 69.181 37.906 0.548 −1.085 −0.405

2.3. Source Analysis

The basic principle of the PMF model assumes that environmental sample X is an
n × m matrix, with n being the number of samples and m being the chemical composition;
X can then be decomposed into a source contribution matrix G (n × p, with p being the
number of sources) and a source composition profile matrix F (p × m) [40]. The measured
sample concentrations can then be expressed as [25,41–45]:

X = GF + E

or

xij =
p

∑
k=1

gik fkj + eij

where xij is the sample concentration matrix X (the concentration of the jth species in the
ith sample), p is the number of sources, gik is the contribution of the kth source to the ith
sample, fkj is the concentration of the jth species in the kth source, and eij represents the
residual [40].

The PMF algorithm determines G and F by continuously minimizing Q. The objective
function Q has the following equation [25,41,44,46]:

Q =
n

∑
i=1

m

∑
j=1

(

xij −
p
∑

k=1
gik fkj

uij
)2 =

n

∑
i=1

m

∑
j=1

(
eij

uij
)2

where uij is the uncertainty of the heavy metal in the soil.
The uncertainty equation [47] is as follows:

uij =


5
6 × MDL, C ≤ MDL√
(EF × C)2 + (0.5 × MDL)2, C > MDL

where C is the measured value of the heavy metal (mg/kg), EF is the relative uncertainty
(error fraction), and MDL indicates the method detection limit (mg/kg).
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2.4. Ecological Assessment
2.4.1. Geological Cumulative Index

The Index of Geological Accumulation (Igeo) method provides a quantitative assess-
ment of heavy metal contamination by comparing the metal content of sampled soils with
the background environment. This method was proposed by the German scientist Muller
in 1969 based on sedimentological principles [48] and is used as a quantitative indicator to
study the extent of heavy metal contamination in sediments and other materials. Igeo not
only takes into account the influence of natural geological processes on the background val-
ues of heavy metals in soils but can also be used to identify the impact of human activities
on the environment, and it is widely used in the evaluation of heavy metal contamination
in soils. It was calculated with the following equation [49]:

Igeo = log2
Ci

1.5Bi

where Ci (mg/kg) represents the concentration of element i in the sample, Bi (mg/kg)
represents the background value of element i, and 1.5 is a constant. The classification
criteria for Igeo evaluation level are shown in Table 2.

Table 2. Classification criteria for Igeo evaluation levels [48,50].

Igeo Range <0 0–1 1–2 2–3 3–4 4–5 >5

Level 0 1 2 3 4 5 6

Contamination
level

No
contaminated

Light to
moderate

contamination

Moderate
contamination

Moderate to
strong

contamination

Strong
contamination

Strong to
extreme

contamination

Extreme
contamination

2.4.2. Potential Ecological Risk Index (RI)

Hakanson’s study on water pollution introduces the potential ecological hazard index,
which operates on the premise of comprehending the behavior of heavy metal transport
and alteration in the environment. Subsequently, the assessment of soil heavy metal
pollution and its associated ecological hazards is conducted by applying sedimentological
principles [51]. Its focus is biotoxicological and is somewhat subjective. It was calculated
as follows:

Ei = TiFi = Ti
Ci
Bi

RI = ∑ Ei

where i is each heavy metal factor, Ei is a single heavy metal risk factor, Fi is a single heavy
metal pollution factor, Ci is the actual heavy metal content of the sample (kg/mg), Bi is the
background value of heavy metals in the area (kg/mg), and Ti is the single heavy metal
toxicity factor, which is used to reflect the level of heavy metal toxicity and the sensitivity of
the medium in the environment to heavy metal pollution; the T value in this study referred
to the previous literature [52]. RI is the sum of heavy metal risk factors; the graded list is
shown in Table 3 [51].

Table 3. Classification criteria for potential ecological risk levels.

Ei Range Level of Potential
Ecological Risk RI Range Compound Potential

Ecological Risk Level

Ei < 40 Low RI < 150 Low
40 ≤ Ei <80 Medium 150 ≤ RI < 300 Medium

80 ≤ Ei < 160 Medium-high 300 ≤ RI < 600 Medium-high
160 ≤ Ei < 320 High RI ≥ 600 High

Ei ≥ 320 Extremely high
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2.5. Health Assessment
Human Health Risk Assessment Model

The human health risk (HHR) model uses risk as an evaluation indicator to quantita-
tively describe the health risks of environmental pollution by combining environmental
pollution with human health. It considers two exposure groups, adults and children,
separately [53–55]. On this basis, we assessed the health hazards of the study area.

The average daily exposure of soil heavy metals under each pathway was calculated
using the following equation [56]:

ADDing =
C × IngR × EF × ED

BW × AT
× 10−6

ADDinh =
C × InhR × EF × ED

PEF × BW × AT

ADDdermal =
C × SA × AF × ABS × EF × ED

BW × AT
× 10−6

where C represents the concentration of heavy metals in soil, measured in mg/kg, ADDing
is the average daily exposure by oral ingestion, ADDinh is the average daily exposure by
oral nasal inhalation, and ADDdermal is the average daily exposure by dermal contact. The
meanings and values of the relevant parameters are given in Table 4.

Table 4. Exposure parameter values for health risk assessment models.

Parameter Meaning Unit
Value

ReferencesChild Adult

IngR Ingestion rate mg/day 200 100

[54,57,58]

InhR Inhalation rate mg/cm2 20 20
AF Skin adhesion coefficient mg/cm2 0.07 0.2
CF Switching frequency kg/mg 1.00 × 10–6 1.00 × 10–6

EF Exposure frequency days/year 180 180
ED Exposure duration years 6.00 24.00
BW Average body weight kg 15 70

AT (carcinogenic) Mean duration of exposure (carcinogenic) days 70 × 365 70 × 365
AT (non-carcinogenic) Average exposure time (non-carcinogenic) days 6 × 365 24 × 365

PEF Particle emission factor m3/kg 1.36 × 109 1.36 × 109

SA Exposed skin surface area cm2 1150.00 2145.00

ABS Dermal absorption factor unit less
0.001 0.001

(As: 0.03) (As: 0.03)

Non-carcinogenic risk (HQ) was used to calculate the non-carcinogenic effects of
potentially toxic elements in soil using the following equation [59]:

HI = ∑ HQij = ∑
ADDij

R f Di

THI = ∑ HI

where HQij is the single non-carcinogenic risk value of heavy metal i in exposure pathway
j. HI is the abbreviation for the Hazard Index, which represents the cumulative value of all
anticipated HQs (non-carcinogenic risks) resulting from exposure through inhalation, oral
ingestion, and dermal contact pathways. THI is the cumulative total of all HI.

Carcinogenic risk (CR) refers to the probability that exposure to certain pollutants will
lead to cancer. Similar to THI, the total carcinogenic risk (TCR) was calculated using the
following equation [60]:

CR = ∑ CRij = ∑ ADDij × SFij

TCR = ∑ CR
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where CRij is the individual carcinogenic risk value for heavy metal i under the jth exposure
pathway, CR is the total carcinogenic risk value under the three pathways or the total
carcinogenic risk value for all elements under a particular pathway, and TCR is the total
carcinogenic risk value. Values for RfD and SF are given in Table 5.

Table 5. Reference dose and slope factor values for heavy metals.

Heavy
Metals

RfD/mg/(kg·d) SF/(kg·d)/mg

ReferencesOral
Ingestion

Oral and Nasal
Inhalation Skin Contact Oral

Ingestion
Oral and Nasal

Inhalation Skin Contact

Cu 4.00 × 10–2 4.02 × 10–2 1.20 × 10–2

[54,61–64]

Hg 3.00 × 10–4 3.00 × 10–4 2.10 × 10–5

As 3.00 × 10–4 3.00 × 10–4 1.23 × 10–4 0.15 × 101 0.15 × 101 0.15 × 101

Pb 3.50 × 10–3 3.25 × 10–3 5.23 × 10–4 8.50 × 10–3 4.20 × 10–2

Cr 3.00 × 10–3 2.86 × 10–5 6.00 × 10–5 5.00 × 10–1 4.10 × 101

Cd 1.00 × 10–4 1.00 × 10–4 1.00 × 10–5 3.80 × 10–1 0.63 × 101

Zn 3.00 × 10–1 3.00 × 10–1 6.00 × 10–2 [54,61,62,65]

The US EPA defines non-carcinogenic risks as follows: when HI/HQ ≤ 1, the non-
carcinogenic risk is within acceptable limits; when HI/HQ > 1, the human body is at high
risk of harm; and when HI/HQ ≥ 10, a serious chronic risk exists. The health risks of
carcinogens are defined as follows: no significant carcinogenic risk when CR/TCR < 10−6;
some carcinogenic risk when 10−6 < CR/TCR < 10−4; and significant carcinogenic risk
when CR/TCR > 10−4 [54].

2.6. Statistical and Geostatistical Analysis

(1) The presence of trait values can result in the fragmentation of continuous surfaces
and have a direct impact on the distribution patterns of variables. As a result, domain-
based methods are initially employed to identify these trait values, after which data
labeled as special values are substituted with standard maximum and minimum
values, respectively. The heavy metal content of the arable soils at the sampling
sites in the study area was analyzed using SPSS 23 software, employing classical
statistical methods for descriptive statistics. The statistical parameters included the
range (min–max), mean (mean), standard deviation (SD), and coefficient of variation
(CV). Among them, the CV is a normalized measure of the dispersion of a probability
distribution. According to the CV classification criteria, CV ≤ 20% is considered low
variability, 51% < CV ≤ 100% is considered moderate variability, 20% < CV ≤ 50% is
considered high variability, and CV > 100% is considered very high variability.

(2) The semi-variance function is a valuable tool in the field of geostatistics for effectively
characterizing the spatial properties of variables. In order to assess the normality of
the data, the K–S method available in the Minitab 21 statistical software was employed.
Subsequently, the GS+ version 9 geostatistical software was utilized to fit the model
to the data obtained from the previous step and to compute the primary model
parameters. The choice of the fitted model was determined by evaluating both the
coefficient of determination (R2) and the residuals (RSS). The optimal fitting model
was selected based on the principle of maximizing the coefficient of determination
and minimizing the residuals.

(3) The geographical arrangement (latitude and longitude) of heavy metal data points
obtained from arable soils was depicted utilizing ArcGIS 10.8 software, while interpo-
lation was performed using the inverse distance weighted (IDW) method. Further-
more, an assessment of the health risks associated with the data was conducted, and
all computations were executed using Excel 2019 software. Additionally, all statistical
graphs were generated utilizing Origin 2022.



Agronomy 2024, 14, 394 9 of 23

3. Results
3.1. Spatial Distribution
3.1.1. Descriptive Statistical Analysis

As shown in Table 6, the background values of Cu, Hg, As, Pb, Cr, Cd, and Zn in
the study area were 24.16, 0.02, 13.81, 30.47, 64.93, 0.06, and 58.35 mg/kg, respectively.
The mean concentrations were 42.24, 0.04, 111.41, 28.97, 117.95, 0.14, and 37.27 mg/kg,
respectively. The mean values of Cu, Hg, As, Pb, Cr, and Cd in the soil were higher
than the background values of soil elements in Huainan, and were 1.75, 2.17, 8.07, 1.01,
2.02, and 2.29 times higher than the background values, respectively. The mean values
of Zn content did not exceed the background value, indicating that most of the heavy
metals were enriched by anthropogenic influences, with only some local enrichment of Zn.
According to Table 1, the pH value of soils in the Huainan region is typically around 5.422
(acidic). According to the soil risk screening value standard [66], except for As, which had
a maximum value higher than the risk screening value, the contents of Cu, Hg, Pb, Cr, Cd
and Zn were all lower than the risk screening value. This indicated that although there is
a certain degree of heavy metal accumulation in the soils of the study area, the extent of
accumulation poses a manageable risk level to the growth of local crops and the quality
and safety of agricultural products.

Table 6. Descriptive statistics of heavy metal content in farmland soil of the study area.

Project Cu Hg As Pb Cr Cd Zn

Min/mg/kg 28.26 0.01 2.66 10.27 0.00 0.05 23.57
Max/mg/kg 78.35 0.13 253.43 40.99 232.50 0.31 51.36

Mean/mg/kg 42.24 0.04 111.41 28.97 117.95 0.14 37.27
Median/mg/kg 41.58 0.04 140.37 30.29 111.71 0.12 38.01

SD/mg/kg 10.17 0.03 98.13 7.31 40.00 0.06 7.41
CV(%) 0.24 0.68 0.88 0.25 0.34 0.45 0.20

K–S test 1 0.055 0.075 0.090 0.061 0.081 0.074
Risk screening value/mg/kg 2 50 1.3 40 70 150 0.3 200

Risk management values/mg/kg 2 2.0 200 400 800 1.5
Huainan background value/mg/kg 3 24.16 0.02 13.81 30.47 64.93 0.06 58.35

Mean/background value 1.75 2.17 8.07 1.01 2.02 2.29 0.63
Proportion of points exceeding

background values 100.00% 83.33% 64.81% 50.00% 98.15% 94.44% 1.85%

1 The K–S test in the table provides the original data after the normalization of the results; 2 the risk control standard
of pH ≤ 5.5 in the Soil Environmental Quality Risk Control Standard for Soil Contamination of Agricultural Land
(GB 15618-2018) [66] was used; 3 references [67,68].

According to the CV classification criteria [69], the magnitudes of the coefficients of
variation for the seven heavy metal elements in the arable soils of the study area were
ranked as follows: As > Hg > Cd > Cr > Pb > Cu > Zn. As and Hg had a CV above 51%,
indicating high variability, while Cd, Cr, Pb, Cu, and Zn had a within the range of 20–50%,
signifying medium variability. In general, this indicates that human activities had a greater
influence on As and Hg and a lesser influence on Cd, Cr, Pb, Cu, and Zn.

3.1.2. Spatial Distribution of Heavy Metal Content in Soils

As depicted in Figure 2, there was a certain degree of spatial variability in all of the
soil heavy metals in the study area, likely influenced by anthropogenic interference. The
distribution of As, Pb, Cr, and Zn was similar, with most of the high-concentration areas
located in the central and northeastern parts of the study area; the high-Zn area had a
larger distribution in the whole study area. Human activities are an important factor in
the accumulation of heavy metals in the agricultural soils of these two areas. Cu and
Cd concentrations fluctuated considerably, while Hg was more stable, with only a single
localized high-concentration area.



Agronomy 2024, 14, 394 10 of 23

Agronomy 2024, 14, x FOR PEER REVIEW 10 of 23 
 

 

According to the CV classification criteria [69], the magnitudes of the coefficients of 
variation for the seven heavy metal elements in the arable soils of the study area were 
ranked as follows: As > Hg > Cd > Cr > Pb > Cu > Zn. As and Hg had a CV above 51%, 
indicating high variability, while Cd, Cr, Pb, Cu, and Zn had a within the range of 20–
50%, signifying medium variability. In general, this indicates that human activities had a 
greater influence on As and Hg and a lesser influence on Cd, Cr, Pb, Cu, and Zn. 

3.1.2. Spatial Distribution of Heavy Metal Content in Soils 
As depicted in Figure 2, there was a certain degree of spatial variability in all of the 

soil heavy metals in the study area, likely influenced by anthropogenic interference. The 
distribution of As, Pb, Cr, and Zn was similar, with most of the high-concentration areas 
located in the central and northeastern parts of the study area; the high-Zn area had a 
larger distribution in the whole study area. Human activities are an important factor in 
the accumulation of heavy metals in the agricultural soils of these two areas. Cu and Cd 
concentrations fluctuated considerably, while Hg was more stable, with only a single lo-
calized high-concentration area. 

 
Figure 2. Spatial distribution of heavy metal content. 

3.1.3. Variance 
The results of the normality test using Minitab 21 indicate that only two elements, Pb 

and Zn, had values which were significantly above 0.05 and normally distributed; the 
other five elements had values which were significantly below 0.05 and not normally dis-
tributed, and had to be transformed for normality. To ensure the accuracy of the data, all 
of the original data were transformed for normality. Comparing the transformation re-
sults of Log, BOX–COX, and Johnson, it was found that Cu, Hg, Cr, and Cd conformed to 
a normal distribution after Johnson transformation, while Pb and Zn conformed to a nor-
mal distribution after Box–Cox transformation (Table 5). As did not conform to a normal 

Figure 2. Spatial distribution of heavy metal content.

3.1.3. Variance

The results of the normality test using Minitab 21 indicate that only two elements,
Pb and Zn, had values which were significantly above 0.05 and normally distributed;
the other five elements had values which were significantly below 0.05 and not normally
distributed, and had to be transformed for normality. To ensure the accuracy of the data,
all of the original data were transformed for normality. Comparing the transformation
results of Log, BOX–COX, and Johnson, it was found that Cu, Hg, Cr, and Cd conformed
to a normal distribution after Johnson transformation, while Pb and Zn conformed to
a normal distribution after Box–Cox transformation (Table 5). As did not conform to a
normal distribution; this was likely due to human and other factors, and it was therefore
not considered in the next step of the analysis.

The GS+ Version 9 geostatistical software was used to fit a model to the data processed
in the previous step, and the best-fitted model was selected based on the principle of
maximum coefficient of determination and minimum residual (Table 7). In the GS+ analysis,
five elements (Cu, Hg, Pb, Cr, and Zn) were fitted to the Gaussian model, while Cd was
fitted to the spherical model with the required accuracy.

The spatial variation of block value (C0) is attributed to stochastic variability [70],
reflecting the spatial variation caused by random factors (e.g., socio-economic factors).
The abutment value reflects the spatial variation caused by a combination of natural and
socio-economic factors and is the sum of structural and random variation. The basal
effect, or block-to-base ratio (C0/C + C0), is used to indicate which of the factors influ-
encing spatial variation is dominated by structural (natural factors) and stochastic factors
(anthropogenic factors) [70]. According to the spatial correlation grading standards of
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regional variables, the basal effect values of Cd in Table 6 range from 25% to 75%, indicating
moderate spatial autocorrelation. This indicates that its spatial structure is influenced by
a combination of structural and stochastic factors. All other elements have basal effect
values above 99%, with relatively weak spatial autocorrelation, suggesting that their spatial
distribution patterns are relatively more influenced by human activities. The range of
variation indicates the magnitude of the spatial autocorrelation; the variables have spatial
autocorrelation within the range of variation, and vice versa. The variation range of the
six elements in the study area was Cd > Hg > Pb > Cr > Cu > Zn; the variation range of
Cd was relatively large, indicating strong spatial correlation over a large spatial range,
while the variation range of Zn was small, indicating autocorrelation only in a relatively
small spatial range. The variation range of all six elements was small, indicating that the
uniformity of spatial distribution was weak and that variations within a small range cannot
be ignored.

Table 7. Semi-variogram theoretical model and related parameters.

Element Fitting Model
Block Gold

Value
Abutment

Value
Variation
Range/km

Judgement
Factor

Block-to-Base
Ratio Residuals

C0 C+C0 Range (A) R2 C0/C + C0 RSS

Cu Gaussian model 1.00 × 10−3 6.55 × 10−1 1.91 × 10−2 5.43 × 10−1 9.98 × 10−1 8.99 × 10−2

Hg Gaussian model 1.00 × 10−3 6.91 × 10−1 2.89 × 10−2 9.77 × 10−1 9.99 × 10−1 5.61 × 10−3

Pb Gaussian model 1.00 × 10−1 34.67 2.20 × 10−2 7.83 × 10−1 9.97 × 10−1 114.00
Cr Gaussian model 1.00 × 10−3 6.61 × 10−1 1.94 × 10−2 6.17 × 10−1 9.98 × 10−1 7.97 × 10−2

Cd Spherical model 3.15 × 10−1 6.62 × 10−1 3.97 × 10−2 3.89 × 10−1 5.24 × 10−1 5.57 × 10−2

Zn Gaussian model 2.00 × 10−3 2.54 × 10−1 1.84 × 10−2 4.67 × 10−1 9.92 × 10−1 9.55 × 10−3

3.2. Source Analysis
3.2.1. Correlation Analysis

To improve the accuracy of the heavy metal source analysis, a combination of correla-
tion analysis, PMF modelling and geostatistics was used to analyze the sources of the seven
heavy metals in Tangwang Village. Visual correlation graphs were employed as a means to
elucidate the fundamental associations among different attributes. A distinct and robust
correlation indicates that these attributes may potentially be subject to influence from a
shared origin. Based on the scatter plot displaying the matrix of Spearman correlation
coefficients (*** p < 0.001, ** p < 0.01), notable associations can be observed between the Cu
and Cr, Cr and Zn, Cu and Zn, Zn and CEC, pH and CEC, and SOM and TN indicators at
the p < 0.001 level. Likewise, the Cu-CEC index also exhibits a significant correlation at the
p < 0.01 level (Figure 3). The present study reveals notable associations between various
elements, such as Cu, Hg, Pb, Cr, Cd, and Zn, indicating a positive correlation of moderate
to strong magnitude. Moreover, a strong positive correlation is observed between Cu, Cr,
Zn, pH, CEC, SOM, and TN. Additionally, a strong negative correlation is found between
Cu and water content. These findings suggest a potential common origin of Cu, Cr, and Zn
in the investigated region, while implying that CEC might exert a significant influence on
the distribution and behavior of Cu and Zn.

3.2.2. PMF Parsing

The dataset was imported into the PMF model for analysis and the number of factors
was set from two to seven and run 20 times each. The optimal number of factors was
determined by comparing the Q(true)/Q(Robust) values for different numbers of factors.
The results show that the model ran most consistently when the number of factors was 4,
so the results of the run with this number of factors were taken as the best results.
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Factor 1 accounted for 21.10% of the total sources, with the main loading elements
being Cu, Cd, and Zn; Cd contributed to 75.3% of factor 1, followed by Zn at 22.1% and
finally Cu at 20.3% (Figures 4 and 5). The CVs of all three representative elements were
greater than 0.2 and less than 0.5, indicating medium variability. In China, the elements
Cu, Cd, and Zn are widely used in agricultural production [71]. Some researchers have
found that to avoid pest infestation, farmers use pesticides such as insecticides, possibly
leading to Cu accumulation risk in the soil [46]. According to Figure 1, over 90% of the
study area was found to be arable. Some studies have shown that Cd is a signature element
of farming and agricultural production [72]. Studies have shown that fertilizers, plastic
films, atmospheric deposition, silt irrigation, and metal mining effluents all contribute to
the accumulation of Cd in soils [34]. In this study, it was found that some farmers use
plastic film to cover surfaces when growing crops such as maize, and that this film leads to
increased levels of elemental Cd in soils. In addition, Cd is commonly found in chemical
fertilizers and pesticides [73], and phosphate fertilizers are rich in Cd [74], which also led
to increased Cd accumulated in the study area. Because of this, it is speculated that factor
1 may be sourced from agricultural practices.
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Factor 2 accounted for 24.45% of the total sources, with high contribution loads from
Cu (46.0%), Cr (47.1%), and Zn (54.1%), which can be considered as the signature elements
of factor 2. Combined with the geostatistical approach, the distribution of Cu content in
Figures 2 and 5 is similar to the spatial distribution of factor 2. Previous studies have shown
that Cu is least present in urban areas [74], and that the spatial variability of Cr is low [71].
The results of the description of soil heavy metal content show that the CV of elemental Cr
was 0.34. As Cr also contributes highly to factor 2, it likely has multiple sources. Usually,
Cr appears as an indicator of natural parent material, but in this study, the proportion of
points where Cr exceeds the background value in Huainan City is 98.15%, which indicates
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a contaminated state, suggesting that Cr in the soil of this region is influenced by human
activities. Comparing the spatial distribution of the elements (Figures 2 and 5), the highest
values of Cu, Cr, Zn, and factor 2 were all located in the central part of the sampling area,
as well as small parts of the northeast. Combined with the other analyses, a significant
correlation between Cu, Cr, and Zn can be found. The study area is in the north-central
region of Anhui Province, close to the Xiejiaji mining area, which is rich in mineral resources;
because of this, and based on the results of the analysis, factor 2 was determined to be a
mixed source of natural parent material and mining activities.

Factor 3 was the largest of the four factors, accounting for 36.38% of the total sources,
and was mainly composed of Hg (81.7%) and Pb (69.3%). The Ei values of these two
representative elements were mostly distributed in the range of medium or slight ecological
risk levels; the CVs were greater than 0.2. The CVs for factor 3 elements indicated high
or low variability and the presence of enrichment, which implies that anthropogenic
activities were the main source of soil Hg and Pb. Factor 3 was widely distributed in the
study site (Figure 5). The study area was found to be connected to the Beijing–Shanghai
line to the east and the Beijing–Kowloon line to the west, with roads in all directions
and frequent traffic throughout the year, and the high Pb value area was found near the
102 provincial road, 206 railway, and Chu–Xin highway. It has been found that vehicle
exhaust emissions, tire wear and tear, and leaded petrol can lead to large amounts of Pb
entering the environment [75–77]. Overall, high values of Pb are mainly found in areas
with heavy traffic, and vehicle emissions are an important source of Pb [78]. In addition, it
has also been suggested that the impact of Hg pollution from vehicle exhausts has been
neglected for a long time, and that road vehicle exhaust not only contributes to atmospheric
Hg pollution but also Hg pollution of the soil and plants on both sides of the road [79].
Because of this, factor 3 was judged to be a transport source.

The Igeo (1.199) and CV (0.88) values for As were the highest among the seven
elements in the study area. This indicates that As was significantly enriched in the study
area and was strongly influenced by human activities. Some studies have reported that
As in soils is closely related to iron plant production and that industrial activities are its
main source [80]. In terms of spatial heterogeneity, As is influenced by structural factors,
but there is point source contamination [81]. The spatial distribution of factor 4 shows that
the high-value areas are concentrated in the central and northeastern parts of the study
area. Many construction sites are also clustered in the central and northeastern part of the
study area, which roughly corresponds to the areas of high values for factor 4, indicating
that they are already influenced by exogenous inputs, most likely by industrial activities,
transport, and reprocessing (Figures 1 and 5). Metallurgical plants have also been found to
significantly increase As levels [82]. In the present study, there were several plants located
in the central and northeastern parts of the study area, which most likely contributed to the
enrichment of elemental As. Therefore, factor 4 was defined as the industrial activity source.

3.3. Ecological Risk Assessment
3.3.1. Geological Cumulative Index

The ranking of the mean Igeo values for each element was As (1.199) > Cd (0.462) >
Hg (0.265) > Cr (0.247) > Cu (0.186) > Pb (−0.715) > Zn (−1.261) (Figure 6). According to
the relevant grading standards in Table 2, the level of soil contamination due to As was
determined to be the most severe and classified as moderate contamination. The level
of contamination due to Cd, Hg, Cr, and Cu was determined to be the next most severe
and classified as light to moderate contamination. The level of contamination due to Pb
and Zn was found to be below the threshold and classified as uncontaminated. These
results are generally consistent with the previous analysis. To more accurately evaluate
the level of pollution in the study area, the results of different levels of Igeo were assessed
(Figure 6), and the proportion of points with Igeo less than 0 among the seven elements in
the overall sample was ranked as Zn > Pb > As > Hg > Cu > Cr > Cd. In particular, the
Igeo values for As and Hg indicated moderate to strong contamination (between 2 and 4).
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The results of the Igeo study indicate the presence of anthropogenic influences and heavy
metal contamination in the soils of the study area, particularly As, Cd, and Hg, mirroring
similar findings in previous studies [78,83,84]; the distribution of the elements in Figure 7
is also consistent with the above analysis.
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3.3.2. Potential Ecological Risk Evaluation

The ecological risk evaluation of heavy metal elements in the soil of Tangwang village
was carried out by calculating their Ei and RI, where the toxicity response coefficients of
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Cu, Hg, As, Pb, Cr, Cd, and Zn were taken as 5, 40, 10, 5, 2, 30, and 1, respectively [30].
As shown in Table 6, the mean values of the Ei for each heavy metal element in the soil
were E(Hg) = 86.81, E(As) = 80.67, E(Cd) = 67.83, E(Cu) = 8.74, E(Pb) = 4.75, E(Cr) = 3.63,
and E(Zn) = 0.64. Cu, Pb, Cr, and Zn were generally in a low ecological risk state, Cd was
in a medium ecological risk state, and Hg and As were in a medium-high ecological risk
state, indicating that the main potential ecological risk elements in the study area were
Hg, As, and Cd (Table 3). These findings are similar to those in previous studies [78,83].
This is mainly due to the high toxicity coefficients of these three heavy metal elements,
resulting in high individual ecological risk indices. The maximum Ei values for Hg and As
were 258.67 and 183.51, respectively, indicating strong ecological risk levels at some of the
sample sites. In terms of the percentages of ecological risk at each level, the Ei values of Cu,
Pb, Cr, and Zn were all distributed within the range of low ecological risk. These results are
in line with the findings of other studies [83]. The percentages of As at each risk level were
46.30%, 38.89%, and 14.81%, respectively, for low, medium-high, and high risk, indicating
that it was mainly found to present a low ecological risk. For Hg, the Ei percentages for
each risk level were 18.52%, 44.44%, and 12.96%, respectively, and it was dominantly found
to present a medium ecological risk. For Cd, the Ei percentages for each risk level were
14.81%, 61.11%, and 24.07%, respectively, mainly indicating that it presented a medium
ecological risk (Table 8).

Table 8. Statistics and distribution of potential ecological risk index of heavy metal elements.

Project Type Ei RICu Hg As Pb Cr Cd Zn

Potential Ecological
Risk Index Statistics

Min 5.85 20.17 1.92 1.69 0.00 26.21 0.40 105.81
Max 16.21 258.67 183.51 6.73 7.16 156.69 0.88 508.02

Mean 8.74 86.81 80.67 4.75 3.63 67.83 0.64 253.08

Distribution of
potential ecological risk

indices/%

Low 100.00% 18.52% 46.30% 100.00% 100.00% 14.81% 100.00% 14.81%
Medium 44.44% 61.11% 57.41%

Medium-high 24.07% 38.89% 24.07% 27.78%
High 12.96% 14.81%

Extremely high

The calculation of the RI for heavy metals allowed the assessment of the degree of
combined ecological risk. The results indicate that the RI values of the 54 soil samples range
from 105.81 to 508.02, indicating a transition state from low to medium-high ecological risk.
The mean value of RI in the study area was 253.08, which is less than 300, indicating that the
majority of soils in the study area were in a moderate ecological risk state. In the study area,
14.81% of the sites had an RI of less than 150, indicating a low potential ecological hazard;
57.41% of the sites had an RI between 150 and 300, indicating a medium potential ecological
risk, while 27.78% of the sites had an RI between 300 and 600, indicating a medium-high
potential ecological risk. The high RI values were concentrated in the central and eastern
parts of the study area (Figure 8).

In terms of areas with differing temperatures, cold spots make up 27.8% of the area,
while hot spots account for 18.5%. The concentration of cold spots is higher in the southwest
region, whereas the northeast region has a higher concentration of hot spots (Figure 9).
According to Figure 1, the eastern part of Tangwang Village is the primary area with hot
spots and sub-hot spots. This particular region is currently facing an increase in heavy metal
pollution due to factors such as population growth, industrial activities, and agricultural
practices. The zoning of heavy metal pollution hotspots in farmland can directly provide a
spatial basis for the application of pollution control technologies in the later stage. This can
reduce the cost of controlling heavy metal pollution in the surface soil of farmland, thereby
better achieving food production security, promoting sustainable agricultural development,
and ensuring the productivity of agricultural ecosystems. These factors comprise one of
the UN’s SGDs, and can also provide data support for revealing the water–energy–food
nexus. At the same time, it is crucial to prioritize the protection of arable land and the
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preservation of healthy soil in order to revitalize rural areas. This approach holds practical
and long–term significance in terms of improving the quality of agricultural products,
enhancing the ecological environment of rural settlements, and promoting the prosperity
of rural farmers.
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3.4. Health Risk Assessment
Human Health Risk Assessment

Using the health risk assessment methodology and parameters proposed in Section 2.5,
non-carcinogenic risk values were calculated for seven heavy metals across different expo-
sure routes (oral intake, oral–nasal inhalation, and dermal exposure). Carcinogenic risks
were also calculated for four heavy metals (As, Pb, Cr, and Cd) for both children and adults
across various exposure routes.

As can be seen from Table 9, the individual HQ values of heavy metals from different
exposure routes varied widely, with oral ingestion > dermal contact > oral nasal inhalation;
oral intake contributed the most to the non-carcinogenic risk in adults and children. The
HI values for different heavy metals in descending order were As > Cr > Pb > Cd > Cu
> Hg > Zn, with a range of 4.42 × 10−2–1.36 × 102 for children in the study area and
4.83 × 10−3–1.85 × 101 for adults. Overall, the HI values for children were found to be
higher than those for adults, suggesting that children are more susceptible to the effects
of heavy metals. This conclusion, which aligns with the results of previous research [84],
indicates that children face a greater risk of non-carcinogenic health issues related to heavy
metal exposure compared to adults in similar environments. For the non-carcinogenic
heavy metal exposure risk indices for adults, the individual risk index HQs for Cu, Hg, Pb,
Cd, and Zn for adults were all less than 1 for all three exposure pathways, indicating that
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the health effects of the five non-carcinogenic heavy metals on adults were not significant.
The combined adult THI was 2.08 × 101 and was greater than one. While the individual
HQ of the single heavy metals did not demonstrate a noteworthy impact, the collective
presence of non-carcinogenic heavy metals in the vicinity had a considerable influence
on the overall health of adults. Among these heavy metals, As stood out as the primary
contributor to the THI, with a substantial contribution of 89.07%.

Table 9. Non-carcinogenic risk exposure dose of heavy metals in the study area [mg/(kg·d)].

Indicators Cu Hg As Pb Cr Cd Zn

Child

ADDing 2.78 × 10−4 2.85 × 10−7 7.33 × 10−4 1.90 × 10−4 7.76 × 10−4 8.92 × 10−7 2.45 × 10−4

ADDinh 2.04 × 10−8 2.10 × 10−11 5.39 × 10−8 1.40 × 10−8 5.70 × 10−8 6.56 × 10−11 1.80 × 10−8

ADDdermal 1.12 × 10−7 1.15 × 10−10 8.85 × 10−6 7.67 × 10−8 3.12 × 10−7 3.59 × 10−1 9.86 × 10−8

HQing 3.75 × 10−1 5.14 × 10−2 1.32 × 102 2.94 1.40 × 101 4.82 × 10−1 4.41 × 10−2

HQinh 2.74 × 10−5 3.78 × 10−6 9.70 × 10−3 2.33 × 10−4 1.08 × 10−1 3.54 × 10−5 3.24 × 10−6

HQdermal 5.03 × 10−4 2.95 × 10−4 3.88 7.88 × 10−3 2.81 × 10−1 1.94 × 10−3 8.88 × 10−5

HI 3.76 × 10−1 5.17 × 10−2 1.36 × 102 2.95 1.44 × 101 4.84 × 10−1 4.42 × 10−2

Adults

ADDing 2.98 × 10−5 3.06 × 10−8 7.85 × 10−5 2.04 × 10−5 8.31 × 10−5 9.56 × 10−8 2.63 × 10−5

ADDinh 4.38 × 10−9 4.50 × 10−12 1.15 × 10−8 3.00 × 10−9 1.22 × 10−8 1.41 × 10−11 3.86 × 10−9

ADDdermal 1.28 × 10−7 1.31 × 10−10 1.01 × 10−5 8.75 × 10−8 3.56 × 10−7 4.10 × 10−10 1.13 × 10−7

HQing 4.02 × 10−2 5.50 × 10−3 1.41 × 101 3.15 × 10−1 1.50 5.16 × 10−2 4.73 × 10−3

HQinh 5.88 × 10−6 8.09 × 10−7 2.08 × 10−3 4.63 × 10−5 2.31 × 10−2 7.59 × 10−6 6.95 × 10−7

HQdermak 5.75 × 10−4 3.37 × 10−4 4.43 9.00 × 10−3 3.21 × 10−1 2.21 × 10−3 1.01 × 10−4

HI 4.08 × 10−2 5.84 × 10−3 1.85 × 101 3.24 × 10−1 1.84 5.38 × 10−2 4.83 × 10−3

As can be seen in Table 10, regarding the CR of As, Pb, Cr, and Cd for children, the CR for
each element under the three exposure routes was ranked as As > Cr > 10−4 > Pb > Cd > 10−6;
for adults, the CR for each element was ranked as As > Cr > 10−4 > Pb > 10−6 > Cd. The
CRij of As for children and adults by different routes of exposure was oral ingestion > 10−4

> dermal contact > 10−6 > oral nasal inhalation. Among these routes, oral ingestion is
most significant, while oral nasal inhalation can be ignored. The TCR values for children
and adults were 7.01 × 10−3 and 3.50 × 10−3, respectively. After separately calculating
the results of CR/TCR, both displayed a value greater than 10−4, indicating a significant
carcinogenic risk to human health from these elements.

Table 10. Exposure dose of heavy metal carcinogenic risk in the study area [mg/(kg·d)].

Indicators
Child Adults

As Pb Cr Cd As Pb Cr Cd

ADDing 6.28 × 10−5 1.63 × 10−5 6.65 × 10−5 7.65 × 10−8 2.69 × 10−5 7.00 × 10−6 2.85 × 10−5 3.28 × 10−8

ADDinh 4.62 × 10−9 1.20 × 10−9 4.89 × 10−9 5.62 × 10−12 3.96 × 10−9 1.03 × 10−9 4.19 × 10−9 4.82 × 10−12

ADDdermal 7.58 × 10−7 6.57 × 10−9 2.68 × 10−8 3.08 × 10−11 3.46 × 10−6 3.00 × 10−8 1.22 × 10−7 1.41 × 10−10

CRing 5.09 × 10−3 7.49 × 10−6 1.79 × 10−3 1.57 × 10−6 2.18 × 10−3 3.21 × 10−6 7.69 × 10−4 6.72 × 10−7

CRinh 3.74 × 10−7 3.21 × 10−7

CRdermal 6.14 × 10−5 1.49 × 10−8 5.92 × 10−5 1.05 × 10−8 2.81 × 10−4 6.81 × 10−8 2.71 × 10−4 4.78 × 10−8

CR 5.15 × 10−3 7.50 × 10−6 1.85 × 10−3 1.58 × 10−6 2.46 × 10−3 3.28 × 10−6 1.04 × 10−3 7.20 × 10−7

Overall, the single heavy metal elements in Tangwang Village did not appear to pose
a potential health risk to the surrounding area, but the TCR for children and adults from
multiple elements was close to or partially above the risk threshold. In terms of HI and
CR, the element that posed the greatest risk was As, which contributed 88.14 percent and
89.07 percent of the HI for children and adults, respectively, and 73.48 percent and 70.21 per-
cent of the CR for children and adults, respectively. Based on the results of the previous
source analyses, As was found to originate from industrial activities, indicating that more
targeted policy measures are needed for subsequent pollution prevention and control.
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4. Conclusions

This paper presents a study of 54 surface soil samples from the outskirts of Huainan
City. The main conclusions are as follows:

(1) The results indicate that, apart from Zn, the average values of the other six heavy
metals analyzed (Cu, Hg, As, Pb, Cr, and Cd) were higher than the background values
of soil elements in Huainan City. This suggests that the heavy metal content of the
arable soils in the study area has been affected by human impact, with most being
found to be enriched and some showing local enrichment of Zn.

(2) The study found that high concentrations of As, Pb, Cr, and Zn were mainly located in
the central and northeastern parts of the study area, while Cu and Cd showed distinct
peaks in certain areas. Hg was only found in one specific location with high values.

(3) Following correlation and PMF model analysis, the study area was found to have four
sources of soil heavy metals: agricultural practices, mixed sources of natural parent
material and mining activities, transport sources, and industrial activities. These
sources contributed 21.10%, 24.45%, 36.38%, and 18.07%, respectively, of the total
metal concentration. This study revealed that agricultural practices, transport, and
industrial activities are the primary sources of heavy metal contamination in arable
soils in this region.

(4) The final health risk assessment analysis of the study area found that As, Cd, Hg,
Cr, and Cu had significant levels of contamination. In terms of RI, the entire region
is situated within the transitional range from low ecological risk to medium-high
ecological risk. In the human health risk assessment, the total carcinogenic risk for
children and adults from multiple elements was close to or partially above the risk
threshold, with As posing the greatest risk to children and adults, both in terms of
non-carcinogenic and carcinogenic risk.

The outcomes of this survey will act as a catalyst for the implementation of fundamen-
tal soil management strategies, with the goal of mitigating soil pollution. Concurrently, it
can also contribute in a modest manner towards the enhancement of land productivity and
ecosystem services, while promoting the advancement of sustainable agricultural practices.
Furthermore, it will aid in the identification and prioritization of soil areas that require
protection, thus revitalizing rural regions.
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