
Comprehensive Environmental Risk Assessment of
Heavy Metals in an Abandoned Dye Factory of China
Using SERA Methodology Based on Source
Apportionment
Fangfang Miao 

North China Electric Power University
Yimei Zhang  (  mist1218@tom.com )

North China Electric Power University
Shuai Li 

North China Electric Power University
Yaxiao Duan 

North China Electric Power University
Yuxian Lai 

North China Electric Power University
Qinglu Fang 

North China Electric Power University
Zhiying Li 

North China Electric Power University
Qianguo Lin 

The University of Edinburgh
Yu Li 

North China Electric Power University

Original research

Keywords: Soil heavy metal, Quantitative source apportionment, Ecological risk, Human health risk,
Source contribution

Posted Date: February 4th, 2021

DOI: https://doi.org/10.21203/rs.3.rs-167605/v1

License:   This work is licensed under a Creative Commons Attribution 4.0 International License.  
Read Full License

https://doi.org/10.21203/rs.3.rs-167605/v1
mailto:mist1218@tom.com
https://doi.org/10.21203/rs.3.rs-167605/v1
https://creativecommons.org/licenses/by/4.0/




1 

 

Comprehensive environmental risk assessment of heavy metals in an abandoned 1 

dye factory of China using SERA methodology based on source apportionment 2 

Fangfang Miaoa, Yimei Zhanga,b*, Shuai Lib, Yaxiao Duana, Yuxian Laib, Qinglu Fanga, Zhiying Lia, Qianguo Linb,c 
3 

Yu Lia 4 

a MOE Key Laboratory of Resources and Environmental System Optimization, College of Environmental Science 5 

and Engineering, North China Electric Power University, Beijing, 102206, China 6 

b Laboratory of Environmental Remediation and Functional Material, Suzhou Research Academy of North China 7 

Electric Power University, Suzhou, Jiangsu, 215213, China 8 

cBusiness School, The University of Edinburgh, Edinburgh,EH8 9JU, UK 9 

E-mail: zhangym@ncepu.edu.cn; Fax:86-0512-67332655; Tel: 86-0512-67332668 10 

Address: Suzhou Research Academy of North China Electric Power University, Suzhou, Jiangsu, 215123, P.R.China  11 

Abstract 12 

Soil heavy metal contaminated sites with multiple sources of pollution have caused worldwide public concern. 13 

However, the lack of correlation of risk assessment or source identification of heavy metal leads to unclear direction 14 

of source governance. Although previous studies have involved different risk assessment, few attempts have been 15 

made to establish a link between them. In order to design a comprehensive risk assessment system, it is necessary to 16 

identify the specific source risks and the correlation and comparison between environmental risk assessment. In this 17 

paper, a methodology was established by combining source apportionment of ecological risks and human health risks 18 

(SERA) to characterize the sources and source-specific risks of heavy metals in soil. Positive matrix factorization 19 

(PMF) model was used to identify and classify potential sources of heavy metals in the study area. According to the 20 

results, they will be incorporated into the environmental risk model to evaluate environmental risk of the identified 21 

sources of heavy metals. The results showed that concentrations of Cd and Hg were highly above the background 22 
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values, indicating a moderate enrichment. It was worth noting that the source contributed ecological risk index (SCEI) 23 

of Hg, with the value of 51.16 contributed mainly by the pollutant sources of waste treatment, has reached moderate 24 

ecological risk. The SCEI of Cd contributed by industrial activities (the wastewater and dyeing process) showed the 25 

most predominant source of contribution. The source contributed human health risk index (SCHI) of As contributed 26 

most by pollutant sources of agriculture activities. Overall, the modified total health risk posed by soil heavy metals 27 

SCHI was 1.11E+00, showing potential risk to the residents. This study provides a new insight for the treatment of 28 

mutil-sources of soil heavy metal pollution and also some reference value for the improvement of the risk assessment 29 

system. 30 

the main finding: Exploring a methodology (SERA) to quantitatively characterize the relationship between 31 

pollutants sources and environmental risk assessment based on source contribution.  32 

Keywords:   33 

Soil heavy metal; Quantitative source apportionment; Ecological risk; Human health risk; Source 34 

contribution 35 

1. Introduction 36 

Soil is the most important natural resource of a country and the material basis of environment where human beings 37 

live on(Liang etal., 2017). However, with the increasing agricultural production, industrial activities and human 38 

activities, great pressure was put on the soil quality continually, resulting in direct soil pollution, especially soil heavy 39 

metal pollution (Ihedioha etal., 2017). The heavy metal pollutants in soil mainly include Hg, Cd, Pb, Cr, Cu, Ni, Co, 40 

Sn and the metal-like As. Different from other pollution, heavy metal pollution is not easy to be leached with water 41 

and decomposed by microorganism in soil (Xie etal., 2016). There are four main ways in which metals enter the soil: 42 

atmospheric deposition (natural and man-made), fertilizers containing metal impurities, industrial emission, and 43 

irrigation of contaminated water. Afterwards heavy metals enter the food chain through accumulation in plants and 44 

have obvious biological enrichment, posing risks to the ecosystem and human health (Han etal., 2006). In addition, 45 
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metals are often tightly bound to soil solids, and even small increases in the current concentration of heavy metals in 46 

the soil can have potentially adverse effects on soil quality (Islam etal., 2017). With the increasingly serious soil 47 

pollution, it is important to predict the accumulation trend of heavy metals in soil and understand the risk of heavy 48 

metal pollution. Therefore, it is of far-reaching significance to effectively assess the pollution situation, including 49 

potential local ecological risks, identify potential pollution sources, so as to provide information for soil pollution 50 

control (CSC, 2016).  51 

So far, many research groups have been working on the investigation of soil pollution (Couto et al., 2018). However, 52 

most of these studies focus on agricultural pollution or water pollution, and there are relatively few studies on 53 

abandoned factory soil pollution. Even if there are some studies on the classification of pollution sources of it. The  54 

studies organically combined the contribution rate of source analysis with ecological risk assessment and human 55 

health risk has few been reported, let alone systematic relevance between them (Xiao et al., 2019). In order to better 56 

understand the pollution level of heavy metals in soil, Kriging interpolation method was often used to obtain the 57 

concentration distribution of heavy metals in soil. In addition, enrichment factor (EF) and potential ecological risk 58 

index (EI) were also calculated to obtain the ecological and environmental information of soil pollution (Tian et al., 59 

2017; Nazzal et al., 2016). To reduce the hazards of heavy metals, it is necessary to better understand the characteristic 60 

distribution, pollution sources and environmental risks of heavy metals in the environment (Jiang et al., 2017;Niu et 61 

al., 2020). Identifying potential pollution sources of heavy metals is the basic premise for designing targeted pollution 62 

control measures. Although source apportionment and environmental risk assessment of heavy metal pollution have 63 

been carried out in many studies, the study about source-specific health risk and potential ecological risk based on 64 

the contribution rate of source analysis are few. Positive matrix factor decomposition (PMF) is a commonly used 65 

method in pollution source analysis, which is widely used in various media such as atmosphere, hydrosphere and soil 66 

sphere (Liang et al., 2017a). It can be applied to apportion the potential sources of heavy metals (Norris et al., 2014). 67 

Compared with traditional multivariate statistical analysis methods, PMF is able to deal with the measurement 68 
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uncertainty inherent in environmental data (Paatero and Tapper, 1994). Quantitative source analysis and its 69 

contribution research is helpful to identify the main pollution sources and quantify their contribution rate (Yang et 70 

al., 2019). The objective of this study is to conduct a combination of source analysis and environmental risk 71 

assessment methodology (SERA) to characterize the soil heavy metal pollution levels of the source and source-72 

specific risk. Firstly, the contribution rate of pollution sources was used for risk sharing. Secondly, the assessment 73 

results were incorporated into the environmental risk assessment model to identify heavy metals from identified 74 

sources. Thirdly, the heavy metals with large contribution from pollution sources and high risk level were screened 75 

out. Finally, targeted risk reduction strategies could be developed by the above information. It provides theoretical 76 

basis for the government to control heavy metal pollution scientifically (Huang etal., 2006; Luo etal., 2011).  77 

The city studied in this paper (Suzhou) has a thriving ecotourism industry, and there are abandoned industrial 78 

polluted sites that have not been treated. Therefore, it is necessary to pay attention to the environmental health risks 79 

in this region. The integrated framework SERA method combined source apportionment and source-specific 80 

environmental risk assessment was shown in Fig. 1.   81 

This paper mainly deals with: (i) the distribution of heavy metal concentration in soil sampling sites in Suzhou 82 

with reference to the Soil Guide of China (National Environmental Protection Agency, 1995);(ii) Multivariate 83 

statistics of EF and EI were used to analyze the pollution levels; (iii) identification of potential sources of HMs 84 

pollution through PMF models (Kumar et al., 2019);(iv) Calculation of source-contributed ecological risk index 85 

(SCEI) and human health risk index (SCHI). This study can provide reference for soil remediation and protection 86 

design in the study area, and also provide reference for policy formulation and protection research on soil heavy metal 87 

pollution in other areas. 88 
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 89 

Fig.1. Frameworks of the source apportionment and environmental risk assessment methodology (SERA). SCEI model: source-90 

contributed ecological risk index model; SCHI model: source-contributed health risk index model. 91 

2. Materials and methods 92 

2.1 Study area and sampling 93 

Suzhou is located in the middle of the Yangtze river delta, the southeast of Jiangsu province, located at 119°55'E 94 

to 121°20'E, 30°47''N to 32°02'N, east of Shanghai, south of zhejiang, west of taihu lake, north of the Yangtze river, 95 

the total area of 8657.32 square kilometers. The city is low-lying and flat, with many rivers and lakes. Most of the 96 

water surface of taihu lake is in suzhou. Rivers, lakes and beaches account for 36.6% of the city's land area. Suzhou 97 

is a subtropical monsoon maritime climate, with an average temperature of 17.8℃ and precipitation of 1369.2 mm 98 

in 2018. The prevailing wind direction was southeast wind.Four distinct seasons, mild climate, abundant rainfall, 99 

fertile land, rich natural conditions. Mainly planted rice, wheat, rape, fruit and so on. In the shallow layer, the clay 100 

soil with small deformation and high strength is mainly grey, with compact texture.  101 
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2.2 Sample collection and chemical analysis 102 

In order to find out the sources of heavy metals in the study area, 30 sampling points (0-7cm) were collected for 103 

measurement in Suzhou in October 2019, with a density of 1km (Fig .S1). The soil samples were taken back to the 104 

laboratory and naturally dried and ground crushing, first through a 20 mesh sieve for pH analysis, then used for the 105 

determination of physical and chemical properties (Pal etal., 2019). The processed soil samples were dissolved in the 106 

mixture acid solution (HNO3-HF-HClO4) at a high temperature of 210℃ for 4h (Bryanin etal., 2019). Soil pH was 107 

determined with a ratio of 2:5 (w/v) soil/water mixture using a pH meter (Cheng et al. 2018). The soil organic matter 108 

(OM) content was determined by the chromic acid titration method. The content of heavy metals As, Cd, Cr, Hg and 109 

Pb in soil samples were determined by atomic absorption spectrometry (Agilent Technologies 280FS AA). Each batch 110 

of samples were evaluated by reagent blanks to reduce errors for quality assurance (Jiang etal., 2019). 111 

2.3. The research approach of study area 112 

2.3.1. Ecological Evaluation  113 

2.3.1.1. Enrichment factor (EF)  114 

Enrichment factor is a method often used to express the enrichment degree of elements in atmospheric particles, 115 

and to judge and evaluate the sources (natural and anthropogenic) of elements in soil (Chen teal., 2018). It can reflect 116 

the effect of soil contamination on human health, which is also an important indicator for quantitative evaluation of 117 

pollution degree and pollution source (Pan etal., 2016). It selects elements that meet certain conditions as reference 118 

elements (or standardized elements) (Couto et al., 2018). The ratio of the concentration of pollution elements in the 119 

sample to the concentration of reference elements and the ratio of the concentration of both in the background area 120 

is the enrichment factor (Couto et al., 2018). EF was calculated as the formula below:  121 

 
 standard

sampled

metal/Zn

metal/Zn
EF                                                                      (1) 122 

In the formula [metal/Zn]sampled is the sampled concentrations of heavy metals divided by reference parameter; 123 
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[metal/Zn]standard represents the standard value of soil heavy metals divided by the reference standard; Zn was used as 124 

the reference paremeter (Barbieri etal., 2016).   125 

2.3.1.2. Potential ecological risk index (PERI)  126 

In this paper, the standardized heavy metal Tri developed by Hakanson was used for evaluation basis, which was 127 

set as the toxicity of heavy metals (Hakanson et al., 1980). The values of Tri for different heavy metals were shown 128 

in table S1. It was calculated by the following equation for the potential ecological risk index of an individual metal 129 

Eri .  130 

0c

c
Ti

rEi
r                                                                                (2) 131 

Where c represented the measured concentration of heavy metal and c0 was the background value of heavy metal 132 

in soil (Sartipi Yarahmadi and Ansari, 2018). Er
i represented the environmental risk index of heavy metal i and Tr

i 133 

represented the toxicity response coefficient of heavy metal i, which mainly reflects the toxicity level of heavy metals 134 

and the sensitivity of environment to heavy metal pollution. 135 

The potential ecological risk index (EI), based on heavy metal concentration and toxicity, was conducted to 136 

calculate the integrated potential environmental risk for the total hazard heavy metals (Zhu etal., 2012; Wu etal., 137 

2017). Levels of them were classfied for five standards based on table S2 (Sartipi Yarahmadi and Ansari, 2018). The 138 

following equation was used for the calculation of RI. 139 

 i
r

ERI                                                                               (3) 140 

2.3.2. Source apportionment of heavy metals by PMF model  141 

The positive definite matrix factorization (PMF) method was developed by the Finnish scientists paatero and tapper 142 

on the basis of FA. It was also one of the source analysis methods recommended by the U.S. Environmental Protection 143 

Agency (Paatero etal., 2010). The positive matrix factorization (PMF) was a factor analysis method based on the least 144 

square method, which decomposed the matrix without negative constraints and can be optimized by using the 145 
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standard deviation of data (Chen etal., 2011). This method did not rely on the chemical composition spectrum analysis 146 

of pollution sources, but took the data sets of multiple soil samples and heavy metal elements as a matrix, and then 147 

decomposed the matrix into the contribution rate matrix and the source composition spectrum matrix (Dong etal., 148 

2018; Franco etal., 2009). Through non negative constraint factor analysis and iterative calculation with the least 149 

square method, the objective function was minimized to solve chemical mass balance (CMB) between the measured 150 

heavy metal concentration and pollution source (Guan etal., 2018). Compared with the traditional factor analysis 151 

method (such as FA-MLR), the PMF method made non negative constraints on the factor load and factor score in the 152 

solution process, so as to avoid the negative value in the result of matrix decomposition, so that the obtained source 153 

component spectrum and source contribution rate can be explained and had clear physical significance (Lv etal., 154 

2019). In addition, the PMF method did not require the measurement of the source component spectrum, and used 155 

error estimates for each individual data point in order to deal with missing and inaccurate data more reasonably 156 

(Mamut etal., 2017). The data entered into the program include concentrations and equation-based uncertainties 157 

(Jingchun etal., 2014).  158 

Compared with the traditional source apportionment methods, the PMF method could weight all data that can 159 

analyze the contribution rate of target variables (Tian et al., 2018). The sample metal concentration data matrix was 160 

defined as: 161 

  


p

1y

t
x

t
xxy

t
x efgC  (4)

 

where, the Cx
t represented concentration of the t compound at the sampling point x; gxy represented contribution rate 162 

of the yth source at the sampling point x; fy
t was the mass fraction of the yth source at the metal t; ex

t was the deviation 163 

of the metal t at sample point x; Objective function Q was defined by Eq. (5) (Duan etal., 2020). 164 

 2n

1x

m

1t

t
x

t
x ueQ   

  (5)
 

where the ux
t
 was the uncertainty of the metal t at the sampling point x (De Miranda et al., 2018). 165 

 The input data including concentrations of size segregated species and equation-based uncertainties. If the 166 
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concentration of heavy metals was less than or equal to the method detection limit (MDL), uncertainty (Unc) will be 167 

obtained by the following Eq. (6) (USEPA,2014): 168 

Unc = 5/6× MDL                                                                           (6) 169 

If the concentrations of heavy metals were higer than the MDL, the equation was run as follows (USEPA,2014): 170 

the    22
0.5MDLionconcentratfractionError Unc                                       (7) 171 

2.3.3. Environmental risk assessment based on source-oriented model 172 

2.3.3.1. Source-contributed potential ecological risk index model (SCEI) 173 

PMF-based RI model in this study was established to quantify potential ecological risks of heavy metals from the 174 

identified sources in the area. The source contributed potential ecological risk was evaluated with the combination of 175 

quantitative source apportionment and ecological risk assessment. The ecological risk assessment of every pollution 176 

source could clearly evaluate the hazards to the environment of each specific source of pollution. The source 177 

contributed ecological risk (SCEI) would be calculated by Eq. (8). 178 

SCE I=RI×g%                                                                            (8) 179 

Where SCEI was the source contributed ecological risk index of each sources, g% referred to the percentage of source 180 

contribution. 181 

The contribution rate of source m was calculated by Eq. (9). 182 

  100%% 1mm    m

p
AAg  (9)

 

where, the Am referred to the regression coefficient for yth source (Liu et al.,2018; Larsen and Baker, 2003). 183 

2.3.3.2. Source-contributed human health risk index model (SCHI) 184 

Exposure to heavy metals may cause potential adverse effects on human health due to heavy metal toxicity. 185 

Therefore, certain risk assessment model was developed by the USPEA and used frequently for the risk assessment. 186 

There were three exposure routes contributed to the average daily dose (ADD) via ingestion, inhalation and dermal 187 
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contact. Non-carcinogenic hazards for HMs and the three exposure routes were calculated by the hazard quotient 188 

(HQ) for two groups mainly including children and adults. 189 

  


3

1

3

1i i ii RfDADDHQHI
 

       (10) 

 HITHI   (11) 

RfD was the reference dose (mg/kg.d); The hazard index (HI) is the sum of HQs (Eq. (10)). The total hazard index 190 

(THI) is the sum of HI (Eq. (11)). The other parameters were provided by supplementary material in Table S3. 191 

Combined with quantitative source apportionment and health risk assessment, the source- ontributed health risk 192 

(SCHI) was calculated by Eq. (12) and Eq. (9). 193 

SCH I=HI×g%                                                                          (12) 194 

2.4. Statistical analysis 195 

Microsoft Excel (version 2010, USA) was used for calculations. The spatial distribution of SHMs was mapped by 196 

the Surfer v.12.0 (Golden Software Inc., CO, USA) and ArcGIS 10.7 software. SPSS Statistics 25 (IBM Inc., CO,USA) 197 

was used to conduct the analyses and to obtain the relevant parameters. The data underwent by EPA-PMF 5.0 to 198 

assess the sources of SHMs with a 95% confidence interval (significance p < 0.05). Crystal Ball software (Version 199 

2000, Decisioning, Denver, CO, USA) was employed for uncertainty analysis. 200 

3. Results and discussion 201 

3.1. Description and spatial distribution of heavy metals in soils 202 

The pH value of the soil detected from the site studied was ranged from 7.03 to 7.57, the average value of which 203 

was 7.24. The summary statistics of heavy metals in soil from the site were presented in Table 1. The spatial 204 

distribution of the concentrations of heavy metals surrounds the study area was depicted by means of Kriging 205 

interpolation technique. The mean concentrations of different heavy metals decreased following the order: Pb > As > 206 

Cd > Cr > Hg. Compared with the background value, the mean concentrations of Cd and Hg were relatively higher 207 

than the others. As it can be seen from Fig. 2, the spatial distribution of Cd showed a wide range of high risk zone. 208 
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Additionally, the highest CV of heavy metals turned out to be Hg followed by As and Cd, which indicated that the 209 

extensive variation may be affected by multiple factors, especially the anthropogenic activities (Fu et al., 2014). 210 

Furthermore, the concentrations of other heavy metals (Cr, Pb) were close to the background values and the CV of 211 

them were lower than 50%, indicating moderate variability in the study area.  212 

Table 1 213 

Summary statistics for heavy metal concentrations (mg kg−1) in soils. 214 

Element Pb  Hg Cr Cd As 

Min 5.46 0.02 0.10 1.81 2.08 

Max 81.57 1.51 1.59 28.95 86.88 

Mean 28.42 0.18 1.03 8.65 17.75 

Median 24.71 0.13 1.12 8.25 14.40 

Variance 145.04 0.033 0.073 16.51 124.33 

SD 12.04 0.18 0.27 4.06 11.15 

CV 0.42 1 0.26 0.47 0.63 

BVa 26.20 0.053 77.80 0.126 10.0 

AVb 27.0 0.071 61.0 0.097 11.0 

Chinese soil criteriac  250 2.5 150 0.3 30 

Percent 0.085 2.40 0 67.65 0.775 

 Note: GM- geometric mean; SD- standard deviation; CV- coefficient of variation; Percent- percentage above BV; 215 

a BV-Background value of Jiangsu (Ma et al., 2015);  216 

b AV-Average value of China (Wang et al. 2019a); 217 

c Chinese soil criteria (CNEPA (1995)). 218 
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 219 

Fig. 2. Spatial distributions of soil heavy metals in the study area using the method of Kriging interpolation.  220 

3.2. Evaluation of ecological enrichment  221 

3.2.1. Enrichment levels of soil heavy metals 222 

The EF was calculated based on a formula, which was then classified to six levels (Couto et al., 2018). If EF < 1, 223 

it was defined as class 1, which meant there was no enrichment; If 1 < EF < 2, it was defined as class 2, which meant 224 

there was minor enrichment;If 2 ≤ EF <5, it was defined as class 3, indicating moderate enrichment happened in the 225 

area; If 5 ≤  EF < 20, it was defined as class 4, which can be judged that there will be significant enrichment here; 226 

If 20 ≤ EF < 40, it was defined as class 5, predicting strong enrichment; If EF ≥ 40, it was defined as class 6, showing 227 

extremely severe enrichment (Sartipi Yarahmadi and Ansari, 2018). Based on the calculation results exhibited in Fig. 228 

S2 and ecological spatial distribution in Fig. 3, it can be concluded that the highest EF value of Hg is 6.95 at the 229 
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sampling point S8, which was classified as significant enrichment (De Silva etal., 2016). The second metal with high 230 

enrichment levels was Cd, with the value of 3.74 at the sampling points S24. Pb with the value of 3.14 had the third 231 

enrichment level, the same as Hg at S8 (Sartipi Yarahmadi and Ansari, 2018). EF values of sampling points S6 and 232 

S28 both exceeded 1, except for metal chromium. EF values of metal arsenic at S4, S6, S12, S25, S27 and S28 were 233 

greater than 1 and less than 2, so the enrichment degree was slight pollution. However, the EF values of As at the 234 

sampling point S15 were higher than 2, indicating moderate enrichment by some factor. The number of sampling 235 

points of Hg slightly enriched as level 1 (1 < EF < 2) was S3, S6, S19, S20, S24 and S28. The sampling points with 236 

the value greater than 2 were moderate enrichment.   237 

3.2.2. PERI levels of the study area 238 

The ecological risks of soil heavy metals in the area were discussed with the method of potential ecological risk 239 

index invented by Hakanson (Guo et al., 2012; Ouyang et al., 2018). Fig. 3 demonstrates the potential ecological risk 240 

index distribution of five heavy metals in the topsoil surrounds the dye factory. The E r
i values of As, Cr and Pb for 241 

all samples were no more than 40, which indicated that these heavy metals posed a low potential ecological risk. 242 

However, the Er
i values of metal Cr both occupied a proportion of 6.67% of the samples were greater than 40 and 80, 243 

indicating a moderate and high potential ecological risk, respectively. The potential ecological risks of Hg with a 244 

proportion of 26.7%, 6.67% and 3.33% in the level of moderate, high and severe, respectively. It was worth 245 

mentioning that the Er
i value of Hg was 387.73 at the sampling points S8, which was consistent with EF value, 246 

suggesting anthropogenic activities may have a greater impact on the area. 247 
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 248 

Fig. 3. The ecological spatial distributions of soil heavy metals in the sampling area. 249 

According to the RI level of this study, there were three samples where the RI values were less than 300, which 250 

indicated a moderate potential ecological risk. It should be noted that Cd and Hg contributed 48.91% and 41.94% of 251 

the total potential ecological risk, respectively. The highest potential ecological risk value at S8 was 451.89, which 252 

appears to be in serious condition here, in which Hg accounting for 85.8%. Fig. 4a demonstrated that the sequence 253 

of potential ecological risks of heavy metals was RI > Hg > Cd > As > Pb > Cr. The total potential ecological risk 254 

value was 107.5, indicating a low risk level on the whole. 255 

3.3. Quantitative source apportionment in the study area  256 

3.3.1. Factor loading and source identification  257 

PMF model was applied to obtain relevant data to better identify the sources and contributions of heavy metals in 258 
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soil (Wang et al., 2019). Six factors were loaded and the percentage of the total number of species was presented in 259 

Fig. S3. Factor 1 accounted for a high percentage of Hg (56.6%) and Cr (37.7%), the high CV of which reflecting 260 

that they may be related to anthropogenic sources (Guan et al., 2018). Such as Hg emissions brought about by human 261 

activities and the emissions caused by waste treatment. On the other hand, Cr can be attributed to emissions of vehicle 262 

activities from the traffic roads (Parra etal., 2014). Factor 2 was dominated by Pb, with percentage of 24.8%. It was 263 

noted that the concentration of Pb was close to the background value. High concentration distribution of Pb was 264 

mainly concentrated around S8 near the traffic road, which can be inferred that the contaminants were from traffic 265 

activities or fossil fuel. Factor 3 explained 52.8% of the total species to As, which may be due to utilization of 266 

agrochemicals (Xiao et al., 2019). Thus because As was the main element in the use of pesticides to farmland (Cai 267 

etal., 2015). The high concentration area of As was around the sampling site S15 nearby the farmland on the map 268 

(Salim et al., 2019). Previous studies had also confirmed that the enrichment of arsenic was due to the use of pesticides 269 

(Liang et al., 2017b). Factor 4 was defined by Cr (40.7%) and Pb (36.2%). The accumulation of Cr and Pb was 270 

mainly associated fine particles from the road area, including atmospheric deposition, coal burning and metal 271 

processing (Wu et al., 2015). Hg accounted for a large proportion in factor 5 with the percentage of 23.6%, the same 272 

as the factor 1, which can be concluded that they were from the same sources of pollution. Cd stand out with 67.5% 273 

of factor 6. The high CV value and higher mean concentration compared with the background value, showing the 274 

influence of artificial factor (Gao etal., 2018). According to the previous investigation, the textile and dyeing 275 

industries attributed high content of Cd from the emission of the sewage of dyeing activities (Wang et al., 2019; Luo 276 

et al., 2011). The high concentration area and high risk area of metal Cd were all around the dye factory as investigated. 277 

Therefore it was concluded that there were six sources of pollution dominating the contaminated site. 278 

3.3.2. Source contribution  279 

The source contributions were calculated based on the factor scores derived from the PMF model. Results of 280 
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quantitative source apportionment of soil heavy metals were demonstrated in Fig. 4b. Six factors were extracted by 281 

PMF model, the Factor 1 was loaded by Hg (56.6%) and Cr (37.7%), Factor 2 was dominated by Pb (24.8%), Factor 282 

3 was characterized by As (52.8%), Factor 4 was Cr (40.7%) and Pb (36.2%), Factor 5 was mainly Hg (23.6%), 283 

Factor 6 was principally Cd (67.5%).  284 

Comparatively speaking, industrial activities occupied the largest contribution to soil heavy metals in the study 285 

area; followed by the human activities such as waste emission. Agricultural activities accounted for the third largest 286 

contribution, for the reason of with farmland in the study area. Owing to the frequent utilization of vehicle and fuel 287 

near the roads, traffic activities accounted for the fourth largest contribution and the followed one was atmospheric 288 

deposition. The results were consistent with the current situation of the whole study area, with abandoned factories, 289 

developed transportation around and frequent agricultural activities, indicating the close relationship between the dye 290 

factory and its surrounding soil. 291 

Fig. 4. (a) Box plot of the potential ecological risk and (b) source contributions (%) for each heavy metal estimated by PMF model. 292 

3.3.3. Uncertainty analysis 293 

Monte Carlo analysis was used to investigated the uncertainty analysis by Crystal Ball software (Version 2000, 294 

Decisioning, Denver, CO, USA). 95% confidence interval was generated for all fitted models. The results showed 295 

that each factor of source profile and the output tend to be stable. 296 
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3.4. Quantifying environmental risk assessment from sources 297 

3.4.1. Assessment of PMF-based SCEI 298 

PMF-based SCEI assessment was applied to quantitatively characterize the relationship between pollutants sources 299 

and RI. Optimized source contributed potential ecological risk of each heavy metal in soil were presented in Fig. 5. 300 

For Pb, the vehicle source was the major ecological risk sources, accounting 1.76E+00 of the risk. Human activities 301 

contributed most to the ecological risk of Hg, with the risk value of 2.89E+01. For Cr, higher risk values were derived 302 

from nature (3.6E-01) and traffic sources (3.9E-01). For Cd, the risk values of industrial and waste scores were higher, 303 

accounting for 2.69E+01 and 6.6E+00, respectively. The contributions from agriculture accounted for 2.78E+00 to 304 

RI for As. Pollutant sources of SCEI were mainly dominated by human activities and industrial activities, accounting 305 

for 3.19E+01 and 2.78E+01, respectively. Source contributions decreased as follows: human activities > industrial 306 

activities > waste > atmospheric deposition > agriculture activities >vehicle for the total RI of each heavy metal. The 307 

modified total SCEI value of Hg was 51.16, posing moderate ecological effect to the environment and residents 308 

nearby. The potential ecological risk value of the optimized pollution source was 107.48, which was lower than 150, 309 

indicating that the area was at a low risk level. In summary, industrial activities with high Cd source-oriented 310 

ecological risk than other pollution sources would be regarded as the potential source of SCEI. Therefore, great 311 

measures should be taken to control the discharge and disposal of pollutants from dye factory, such as textile, 312 

Wastewater discharge and rubbish, for the sake of reducing the potential ecological risk (Sun etal., 2019).  313 
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 314 

Fig. 5. Source contributions to potential ecological risk index by heavy metals based on SERA method (SCEI: the sum of source 315 

contributed RI of five heavy metals). 316 

3.4.2. Assessment of PMF-based SCHI 317 

The original data of HQ, HI and THI (adults and children) by means of classical health risk assessment were 318 

presented in Table 2. The highest average intake turned out to be the ingestion pathway and the order followed were: 319 

dermal contact > inhalation. In the ingestion pathway, average HQ ranged as: As > Cd > Pb > Hg > Cr. HQs for five 320 

heavy metals were lower than 1 both for adults and children, indicating that there were no significant health risks. 321 

However, the THI value of children through ingestion pathway was 1.02, higher than 1, showing potential health 322 

threat to the children. 323 

The modified assessment of human health risk for five heavy metals was performed based on source contribution 324 

(Li etal., 2020). The calculation of SCHI could demonstrate the relationship between pollutants sources and HI. Fig. 325 

6 presented source contributions to human health risk index by heavy metals based on SERA method. For Pb, vehicle 326 

was the major health risk source, which occupying the value of 4.2E-02. For Hg, human activities (nature) were the 327 

largest contribution to health risk, accounting for 5.1E-03, followed by waste (2.1E-03) and atmospheric deposition 328 

(1.77E-03). For Cr, risk values of human activities and vehicle were higher, accounting for 2.1E-03 and 1.96E-03. 329 
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Industrial activities contributed most to Cd risk level of SCHI, with the risk value of 8.41E-02. The sources of As 330 

were dominated by agriculture, vehicle and waste, accounting for 4.5E-01, 2.2E-01 and 1.1E-01, respectively. 331 

Agriculture activities turned out to be the predominant source (4.7E-01) among these sources of the total SCHI, 332 

followed by vehicle (2.66E-01), human activities (1.5E-01), industrial activities (1.03E-01), waste (8.7E-02) and 333 

atmospheric deposition (3.1E-02). Therefore, the emission of As should be given much attention by the local 334 

government to ensure the safety of soil in the study area. On the whole, the total health risk value of SCHI was 335 

1.11E+00, showing potential risk to the residents.  336 

Table 2 337 

Estimations of human health risk of soil heavy metals. 338 

 Element Pb Hg Cr Cd As HI THI 

 C-95% 28.75 0.19 1.03 8.76 18.05   

Adults 

HQing 1.13E-02 8.68E-04 4.70E-04 1.20E-02 8.24E-02 1.09E-01 

1.09E-01 HQder 4.46E-05 3.44E-06 1.97E-04 4.79E-05 3.28E-04 6.29E-04 

HQinh 1.10E-05 6.38E-07 3.46E-06 1.76E-04 2.96E-05 2.33E-04 

Children 

HQing 1.05E-01 8.10E-03 4.39E-03 1.12E-01 7.69E-01 1.02E+00 

1.02E+00 HQder 2.92E-05 2.25E-06 1.29E-04 3.14E-05 2.15E-04 4.12E-04 

HQinh 1.96E-05 1.14E-06 6.16E-06 3.14E-04 5.26E-05 4.14E-04 

 339 

Fig. 6. Source contributions to human health risk index by heavy metals based on SERA method (SCHI: the sum of source contributed 340 

HI of five heavy metals). 341 

 342 
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3.5. Disscussion of the SERA methodology 343 

On this basis of the traditional research, risk assessment under the traceability of pollutant sources was added in 344 

this paper. The SERA evaluation model of the risk allocation of pollution sources was constructed，which is 345 

constructive for the treatment of heavy metal soil pollution. It has a certain reference value for the supplement and 346 

improvement of the environmental risk assessment system. 347 

The comprehensive environmental risk assessment based on source apportionment mainly included ecological risk 348 

and human health risk. The pollution sources are quantified for environmental risk assessment, which was optimized 349 

compared with conventional risk model. It turned out that the traceability results of the two source-oriented risk 350 

assessment model were different as well as the risk contribution order of pollution sources. Source-oriented ecological 351 

risk analysis was at a low risk level, which was dominated by industrial activities. Therefore, Cd should be regarded 352 

as the target metal, the emission of which should be converted to hypotoxic elements. It can effectively prevent 353 

pollution and realize regional environmental management. Source-oriented human health risk analysis, which was a 354 

potential risk level, was dominated by agricultural activities. So metal arsenic should be treated as a priority target 355 

metal for soil pollution (Peng etal., 2017). Effective control of metal emission can reduce the level of health risk in 356 

this region. 357 

After comprehensive comparison, It came to a conclusion that a single risk assessment method, which may 358 

overlook the potential risk of certain heavy metal, is incomplete. The traceability and contribution of certain pollution 359 

sources combined with comprehensive environmental risk assessment could make up for these deficiencies. In the 360 

comparative study of ecological risk and health risk tracing, it is more reasonable to take a comprehensive risk 361 

assessment for consideration. This study provides new insights for the treatment of complex sources of soil heavy 362 

metal pollution. 363 

4. Conclusions  364 

It is of great significance to study the distribution of heavy metal content in abandoned factories and carry out the 365 
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comprehensive environmental risk assessment of heavy metal, so as to provide the basis for the prevention and control 366 

of soil heavy metal pollution. The SERA method was developed by integrating environmental risk assessment and 367 

source contribution based on source apportionment to study pollutant sources and risk levels. This method optimized 368 

spatial interpolation based on the global content data output so as to quantitatively analyze source contribution. A 369 

case study was carried out in an abandoned dye factory in Suzhou City, China. This study assessed spatial distribution 370 

characteristic, ecological enrichment and environmental risk of five heavy metals (Pb, Hg , Cr, Cd, As) in the study 371 

area. PMF model was utilized to apportion the sources of risk, combining a receptor model and a risk model. The 372 

potential ecological risk and human health risk of heavy metals for each source category were also discussed, in 373 

which some interesting results were found. Results showed the potential ecological risk was low risk level, which 374 

was consistent with the modified potential ecological risk assessment (SCEI model). However, owing to 375 

anthropogenic influence, the area was contaminated by these heavy metals studied in some degree. Particularly, 376 

industrial activities were identified as the largest contributor of Cd source-oriented ecological risk, mainly associating 377 

with the discharge and disposal of pollutants from the dye factory in the area. The results of source-contributed health 378 

risk (SCHI model) suggested that there was potential health threat to the children. As of agriculture activities 379 

contributed most to the risk level and would lead to higher risks in the study area. After comprehensive comparison, 380 

it is concluded that in the comparative study after tracing ecological risks and health risks, it is more reasonable to 381 

use comprehensive site environmental risk assessment to treat regional pollution sources in this region.This study 382 

provides a new insight for the treatment of multi-sources of heavy metal and it is advised to reduce the total emission 383 

in the process of industry and agriculture by regional structural reconstruction. 384 
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Figures

Figure 1

Frameworks of the source apportionment and environmental risk assessment methodology (SERA). SCEI
model: source-contributed ecological risk index model; SCHI model: source-contributed health risk index
model.



Figure 2

Spatial distributions of soil heavy metals in the study area using the method of Kriging interpolation.
Note: The designations employed and the presentation of the material on this map do not imply the
expression of any opinion whatsoever on the part of Research Square concerning the legal status of any
country, territory, city or area or of its authorities, or concerning the delimitation of its frontiers or
boundaries. This map has been provided by the authors.



Figure 3

The ecological spatial distributions of soil heavy metals in the sampling area. Note: The designations
employed and the presentation of the material on this map do not imply the expression of any opinion
whatsoever on the part of Research Square concerning the legal status of any country, territory, city or
area or of its authorities, or concerning the delimitation of its frontiers or boundaries. This map has been
provided by the authors.



Figure 4

(a) Box plot of the potential ecological risk and (b) source contributions (%) for each heavy metal
estimated by PMF model.



Figure 5

Source contributions to potential ecological risk index by heavy metals based on SERA method (SCEI: the
sum of source contributed RI of �ve heavy metals).



Figure 6

Source contributions to human health risk index by heavy metals based on SERA method (SCHI: the sum
of source contributed HI of �ve heavy metals).
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