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Abstract 
Gold mining is now widely acknowledged as one of the significant sources of 
soil pollution in developed countries. In developing countries, the sources and 
levels of soil contamination have not been thoroughly addressed. Thus, this 
study was intended to determine the source of soil pollution and the level of 
contamination in the active and closed gold mining areas. The research paper 
presents the pollution load of heavy metals (lead-Pb, chromium-Cr, cad-
mium-Cd, copper-Cu, arsenic-As, manganese-Mn, and nickel-Ni) in 90 soil 
samples collected from the studied sites. Multivariate statistical analysis, in-
cluding Principal Component Analysis (PCA) and Cluster Analysis (CA), 
coupled with correlation coefficient analysis, was performed to determine the 
possible sources of pollution in the study areas. The results indicated that Pb, 
Cr, Cu and Mn come from different sources than Cd, As and Ni. The results 
obtained from the metal pollution assessment using the Pollution Index (PI) 
and the Geoaccumulation Index (Igeo) confirmed that soils in the mining 
areas were contaminated in the range from moderately through strongly to 
highly contaminated soils. This study verified that soil contamination in the 
gold mining areas results from natural and anthropogenic processes. The 
current study findings would enhance our knowledge regarding the soil con-
tamination level in the mining areas and the source of contamination. It is 
recommended to use PCA, CA, PI and Igeo to assess and monitor the heavy 
metal contaminated soil in gold mining areas. 
 

Keywords 
Heavy Metals Contamination, Principal Component Analysis,  

How to cite this paper: Kahangwa, C. A. 
(2022). Application of Principal Compo-
nent Analysis, Cluster Analysis, Pollution 
Index and Geoaccumulation Index in Pol-
lution Assessment with Heavy Metals from 
Gold Mining Operations, Tanzania. Journal 
of Geoscience and Environment Protection, 
10, 303-317. 
https://doi.org/10.4236/gep.2022.104019 
 
Received: January 18, 2022 
Accepted: April 26, 2022 
Published: April 29, 2022 
 
Copyright © 2022 by author(s) and  
Scientific Research Publishing Inc. 
This work is licensed under the Creative 
Commons Attribution International  
License (CC BY 4.0). 
http://creativecommons.org/licenses/by/4.0/

  Open Access

https://www.scirp.org/journal/gep
https://doi.org/10.4236/gep.2022.104019
https://www.scirp.org/
https://doi.org/10.4236/gep.2022.104019
http://creativecommons.org/licenses/by/4.0/
http://creativecommons.org/licenses/by/4.0/
http://creativecommons.org/licenses/by/4.0/
http://creativecommons.org/licenses/by/4.0/


C. A. Kahangwa 
 

 

DOI: 10.4236/gep.2022.104019 304 Journal of Geoscience and Environment Protection 
 

Cluster Analysis, Pollution Index, Geoaccumulation Index 

 

1. Introduction 

Heavy metals are among the essential pollutants spread in the environment, in-
cluding air, water and soil. The common sources of heavy metals in the envi-
ronment include wastewater from industries, deposited wastes, mineral explora-
tion and extraction, urbanization and vehicles (automobiles), all referred to as 
anthropogenic pollutants (Mahugija & Sheikh, 2018). Mining is the extraction of 
valuable minerals or other geologic material from the earth, usually from an ore, 
resulting in contamination of the environment. Mining activities have resulted 
in waste rock dumps and tailings storage facilities, which generally present a con-
stant danger of transforming toxic heavy metals into the environment (Mganga, 
2014). Toxic heavy metals signify one of the probable environmental hazards from 
mines, which affect many countries with historic mining industries (Fazekasov 
& Fazekas, 2020). The soil naturally contains heavy metals, although in small 
amounts. However, heavy metals increasingly pollute the soil, whether from the 
air or spreading waste. 

In some cases, high levels of heavy metals occur due to environmental pollu-
tion caused by anthropogenic activities (Fashola et al., 2016). Heavy metals in 
soils depend on natural processes and anthropogenic influences such as mining 
and its associated activities. Mining and milling operations, together with the 
disposal of tailings, provide apparent sources of soil contamination. Gold min-
ing is one of the essential point sources of heavy metals in the environment. The 
extent of heavy metal contamination around gold mines depends upon geochem-
ical characteristics and the mineralization of tailings. Specifically, open-pit min-
ing has a severe environmental impact on soils and water streams (Krishna et al., 
2013). Gold mining, whether open-pit or deep shaft, is associated with other heavy 
metals such as lead (Pb), chromium (Cr), cadmium (Cd), copper (Cu), silver (Ag) 
and arsenic (As) (Fashola et al., 2016).  

In mining areas, intensive mineral extraction has resulted in a considerable 
volume of waste minerals and tailings, which contain heavy metals. These heavy 
metals have significant accumulation in the soil, leading to environmental pollu-
tion due to their toxicity, non-degradability and persistence in nature, causing a 
severe threat to human health. Without proper management, the abandoned 
waste dumps and tailings generate highly polluting acid mine drainage, which 
causes contamination of the water, sediments and agricultural soils in the vicinal 
areas (Ma et al., 2015). The risk herein is the potential accumulation of these 
contaminants by plants, resulting in phytotoxicity and human diseases like di-
arrhoea, cancer, stomach cramps, nausea, anaemia, kidney damage and even brain 
damage (Nkansah & Belford, 2017).  

Substantial efforts have been made to remediate soils contaminated by heavy 
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metals, including on-site management or encapsulation. However, neither of 
these methods solve decontamination but instead introduces secondary conta-
mination at the dumpsite (Nkansah & Belford, 2017). In multivariate statistical 
analysis, Principal Component Analysis (PCA) and Cluster Analysis (CA) can be 
used to identify contamination sources, be they natural or anthropogenic (Dole-
zalova et al., 2015). In addition, the Geoaccumulation Index (Igeo) and Pollution 
Index (PI) can be used to classify the contamination status of the soils into low, 
moderate, strong and high contamination levels. The Lake Victoria goldfield has 
a long history of gold mining, and several mines are distributed along minera-
lized zones. Golden Pride Gold Mine (GPGM) and Geita Gold Mine (GGM) are 
among the gold mines in the Lake Victoria goldfield. Thus, it is essential to de-
termine the source and level of pollution in these gold mines. 

Numerous research has been published on heavy metal pollution and its sources 
in metalliferous soils (Bern et al., 2019; Chileshe et al., 2019; Chunhacherdchai et 
al., 2011; Demkova et al., 2017; Giri et al., 2017; Huang et al., 2017; Krishna et al., 
2013; Masindi & Muedi, 2018; Wu et al., 2011; Yang et al., 2014). The studies re-
veal that mining activity is a chief contributor to soil contamination in mining 
areas. In Tanzania, different scholars assessed heavy metal pollution in gold min-
ing areas (Gomezulu et al., 2018; Mganga et al., 2011; Mganga, 2014; Mkumbo, 
2012; Mkumbo et al., 2012; Nkuli, 2008; Sangu, 2014). However, most of these 
studies have primarily focused on the phytoremediation of heavy metals, with 
only a limited assessment of the sources and levels of pollution in the mining 
areas. Therefore, this study aimed to assess sources and levels of soil heavy metal 
pollution with PCA, CA, PI and Igeo. The findings of this study provide valuable 
information to policymakers and mining operators that will help monitor and 
develop proper management strategies to reduce metal pollution in the mining 
areas. It is recommended that the mining companies put control measures to 
prevent pollution and ensure that heavy metal contaminated soil is monitored 
regularly. 

2. Materials and Methods 
2.1. Study Areas 

This study was carried out at the GPGM and GGM in Tanzania (Figure 1). The 
GPGM is a closed mine located at Lusu Ward in Nzega District, Tabora Region. 
It is approximately 18 km north of the township of Nzega and 200 km south of 
the regional centre of Mwanza. The geographical location is between latitude 
4˚5'0"S and 4˚47'0"S and longitude 33˚10'50"E and 33˚13'20"E. The altitude of 
the study area ranges from 1130 m to 1162 m. GPGM carried out operations be-
tween 1998 and 2013 and operated six pits and two waste rock dumps (Henckel et 
al., 2016). A special mining lease covered an area of 1064 ha. The Golden Pride 
gold deposit, characterized by sulfide and oxidized ore, is located in the central 
part of Tanzania in the Nzega greenstone belt on the southern margin of the 
Lake Victoria Goldfields (Vos et al., 2009). 
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Figure 1. Map of Tanzania showing locations of Golden Pride and Geita Gold Mines (Kahangwa et al., 2020). 
 

The GGM is an active mine located at Mtakuja and Kalangalanga Wards in 
Geita District, Geita Region, in the northern part of Tanzania (Figure 1). GGM 
is approximately 4 km west of Geita Town and 90 km southwest of Mwanza City 
in north-western Tanzania. The mine is situated at the headwaters of the Mta-
kuja River, which drains its water into Lake Victoria, approximately 20 km north-
west of the mine (Sibilski & Stephen, 2010). The geographical location is between 
latitude 2˚50'38"S and 2˚52'36"S and longitude 32˚8'50"E and 32˚12'30"E. The al-
titude of the study area ranges from 1205 m to 1275 m. GGM mining operations 
began in 2000 and are expected to end in 2029 (Henckel et al., 2016; Stephen et 
al., 2017). The special mining lease covers an area of 19,627 ha. The GGM oper-
ates seven pits and seven waste rock dump stations. GGM is in the greenstone 
belt east of the Lake Victoria Goldfield, typically characterized by sulfide ore as-
semblages rich in gold and heavy metal deposits. 

2.2. Data Collection 

Soil sampling was conducted in December 2019 during a short rain. Three tran-
sect lines of 160 m each were established along the tailings storage facilities 
(TSF) of the GPGM and GGM (at the crest, middle and toe) with a distance be-
tween transects of 50 m. Three sampling plots of 20 × 20 square meter quadrats 
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in each transect were established every 50 m. Thus, nine sampling points, three 
from each transect, were systematically established. Ninety (90) soil samples were 
collected from the studied sites. Soil samples were collected from four spots at a 
depth of 20 cm using a soil auger at each sampling point. The collected soil sam-
ples were mixed to constitute composite samples per sampling point. The mixed 
soil samples were kept in airtight plastic bags.   

A mixed acid procedure was used to digest soil samples to determine total ar-
senic. Two grams (2 g) of each sample were heated gently with a mixture of 1 ml 
of conc. Sulphuric acid (H2SO4) and 10 ml of conc. Nitric acid (HNO3). After 
dissolving most organic matter, the solution was only faintly yellow and 1 ml of 
perchloric acid (HClO4) was added and the heat increased until dense fumes of 
sulphur (S) appeared. The resultant solutions were then used to quantify the As 
in soil samples using molybdenum blue methods described by Allen (1989). A 
colorometric procedure was based on molybdenum blue methods, and the quan-
tification was done using a UV-VIS spectrophotometer. The solutions obtained 
were used to determine total Pb, Cr, Cd, Cu, Mn and Ni by Atomic Absorption 
Spectrometry (AAS, 240 Varian). 

2.3. Calculation of Pollution and Geoaccumulation Indices  

The pollution index was calculated using Equation (1).  

Conc of metal in soilsPI
geochemical background conc

=                     (1) 

where; PI is the evaluation score corresponding to each sample, Ci is the meas-
ured concentration of the metal in the soils, and Si is the geochemical back-
ground concentration of the metals (Usman et al., 2012). Thus, the PI values of 
each metal contamination can be classified as either low contamination (PI ≤ 
1.0), moderate contamination (1.0 > PI ≤ 3.0), high contamination (PI > 3.0). 
The background concentrations of heavy metals are presented in Table 1. 

Index of geoaccumulation (Igeo) was calculated using Equation (2).  

Igeo log
1.5

n

n

C
B

 
=  

 
                          (2) 

 
Table 1. Background concentrations of heavy metals (µg/g). 

Heavy metals The normal range in soil 

Cd 0.03 - 0.3 

Cr 10 - 200 

Cu 5 - 80 

Ni 5 - 500 

Pb 2 - 20 

Mn 200 - 2000 

As 0.5 - 30 
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where; Cn is the measured concentration of an element in the samples; Bn is the 
background concentration, and the constant 1.5 allows analysis of the natural 
fluctuations in the content of a given substance in the environment and minimal 
anthropogenic influences. Igeo < 0 (0) = uncontaminated, Igeo 0 - 1 = Uncon-
taminated to moderately contaminated, Igeo 1 - 2 = Moderately contaminated, 
Igeo 2 - 3 = Moderately to strongly contaminated, Igeo 3 - 4 = Strongly conta-
minated, Igeo 4 - 5 = Strongly to extremely contaminated and Igeo > 5 = Ex-
tremely contaminated (Krishna et al., 2013; Wei et al., 2011). 

2.4. Statistical Analysis 

All data input and fundamental descriptive statistical analysis, including the mean, 
standard deviation, and coefficient of variation for various heavy metal variables, 
were computed using IBM SPSS Version 23 and PAST. The statistical signific-
ance of the Pearson correlation between the heavy metal content was determined 
by the bivariate correlation in IBM SPSS Version 23. PCA accomplished explo-
ratory factor analysis of the elemental concentrations with varimax rotation to 
reduce data and increase the interpretability of the identified factors (Makupa, 
2013). By applying Varimax rotation with Kaiser normalization, PCA was car-
ried out to ascertain the possible contributing factors toward the elemental con-
centrations and thereby determine which elements have a common origin in 
soils. By extracting the eigenvalues and eigenvectors from the correlation matrix, 
the number of significant factors the percent of variance explained by each was 
calculated using IBM SPSS 23. PCA aids in optimizing the number and type of 
data that are best for carrying out the heavy metals contamination of the soil 
(Gergen & Harmanescu, 2012). A PCA using a correlation cross-product matrix 
was used to examine the grouping among soil heavy metals (Barona & Romero, 
1996). CA using a hierarchical cluster was used to examine the classification of 
the heavy metals in the soil. 

3. Results 
3.1. Mean, Standard Deviation and Coefficient of Variation 

The means, standard deviations and coefficient of variation of the variables are 
presented in Table 2. The coefficient of variation of As was lower than 20%, 
while for some others, like Cd, Cu, Mn and Ni were higher than 20% but lower 
than 30%, and Pb and Cr were higher than 30%. 

3.2. Correlation Coefficients 

The correlation coefficients for all the analysed elements are presented in Table 
3. Results indicated that Pb levels were strong and positively correlated (p < 
0.01) with Cr (r = 0.768), Cu (r = 0.673) and Mn (r = 0.557) but negatively cor-
related with As (r = −0.534). Furthermore, a strong and positive correlation was 
found between Cr and other elements such as Cu, Mn and Ni; Cu and Mn; and 
Mn and Ni. Positive correlations with significance (p < 0.05) were found between  
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Table 2. Mean, standard deviation (S.D.) and coefficient of variation (C.V.) of variables.  

 
Mean (mg/g) S.D. C.V 

Pb 2.58 1.27 49.40 

Cr 3.85 1.46 38.02 

Cd 2.13 0.62 28.94 

Cu 4.08 0.85 20.72 

As 3.88 0.70 18.14 

Mn 4.29 0.92 21.52 

Ni 5.33 1.24 23.24 

 
Table 3. Correlation coefficient between the soil variables. 

 Pb Cr Cd Cu As Mn Ni 

Pb 

Pearson Correlation 1 0.768** 0.087 0.673** −0.534** 0.557** 0.315* 

Sig. (2-tailed)  0.000 0.570 0.000 0.000 0.000 0.035 

N 45 45 45 45 45 45 45 

Cr 

Pearson Correlation 0.768** 1 0.061 0.803** −0.601** 0.760** 0.552** 

Sig. (2-tailed) 0.000  0.689 0.000 0.000 0.000 0.000 

N 45 45 45 45 45 45 45 

Cd 

Pearson Correlation 0.087 0.061 1 −0.035 −0.285 −0.074 −0.124 

Sig. (2-tailed) 0.570 0.689  0.817 0.057 0.629 0.417 

N 45 45 45 45 45 45 45 

Cu 

Pearson Correlation 0.673** 0.803** −0.035 1 −0.502** 0.598** 0.295* 

Sig. (2-tailed) 0.000 0.000 0.817  0.000 0.000 0.049 

N 45 45 45 45 45 45 45 

As 

Pearson Correlation −0.534** −0.601** −0.285 −0.502** 1 −0.588** −0.339* 

Sig. (2-tailed) 0.000 0.000 0.057 0.000  0.000 0.023 

N 45 45 45 45 45 45 45 

Mn 

Pearson Correlation 0.557** 0.760** −0.074 0.598** −0.588** 1 0.588** 

Sig. (2-tailed) 0.000 0.000 0.629 0.000 0.000  0.000 

N 45 45 45 45 45 45 45 

Ni 

Pearson Correlation 0.315* 0.552** −0.124 0.295* −0.339* 0.588** 1 

Sig. (2-tailed) 0.035 0.000 0.417 0.049 0.023 0.000  

N 45 45 45 45 45 45 45 

**Correlation is significant at the 0.01 level (2-tailed). *Correlation is significant at the 0.05 level (2-tailed). 
 
Pb-Ni and Cu-Ni. In the present study, Cd has a weak positive correlation with 
Pb and Cr and is negatively correlated with Cu, As, Mn and Ni. Moreover, As 
has a negative correlation with all measured heavy metals.  
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3.3. Principal Component Analysis 

The results in Table 4 show two factors whose eigenvalues are >1 suggesting a 
two-factor solution. Thus, these two factors were selected for further analysis. 
Other small eigenvalues of <1 were not used to obtain a probable number of 
contributing source factors. This indicates that the first and second components 
(PC1 and PC2) are the right choices. The first principal component (PC1) con-
tains the greatest amount of variance (55.41%), including Pb, Cr, Cu, As, Mn 
and Ni, indicating the anthropogenic source of contaminants. The second prin-
cipal component (PC2) accounts for 17.07% of the variance and has high Cd 
loadings, suggesting the dominance of both natural and artificial contaminants. 
It can be seen that the cumulative variance contribution of the first two principal 
components has been 72.48%, which can explain why the total variance is 72%. 
The Kaiser-Meyer-Olkin Measure of Sampling Adequacy (KMO) of 0.777 and 
Bartlett’s test (p < 0.01) demonstrated that the PCA approach was valid. 

Results show that the most important variables for the first PC1 were Pb, Cr, 
Cu, As, Mn and Ni (Table 5). The principal component loading shows seven  
 

Table 4. Total variance explained. 

Component 
Initial Eigenvalues Extraction Sums of Squared Loadings Rotation Sums of Squared Loadings 

Total % of Variance Cumulative % Total % of Variance Cumulative % Total % of Variance Cumulative % 

1 3.88 55.46 55.46 3.88 55.46 55.46 3.88 55.41 55.41 

2 1.19 17.03 72.48 1.19 17.03 72.48 1.2 17.07 72.48 

3 0.78 11.18 83.66 
      

4 0.45 6.37 90.03 
      

5 0.33 4.65 94.68 
      

6 0.27 3.81 98.49 
      

7 0.11 1.51 100 
      

 
Table 5. Factor extraction and component loading. 

 
Rotated Component Matrixa 

 
 Component Loading  

 
1 2 Communality 

Pb 0.81 0.15 0.678 

Cr 0.94 0.02 0.891 

Cd 0.03 0.93 0.858 

Cu 0.82 0.01 0.675 

As −0.73 −0.39 0.684 

Mn 0.86 −0.16 0.760 

Ni 0.63 −0.37 0.528 

Extraction Method: Principal Component Analysis; Rotation Method: Varimax with Kais-
er Normalization; aRotation converged in 3 iterations. 
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components, then extracted and rotated to two components (Table 5). So, the 
first PC is defined by soil contamination by six heavy metals: Pb, Cr, Cu, As, Mn, 
and Ni. The results also indicated that the particular variables have higher com-
munalities, implying that the extracted components can explain much of the va-
riance in the variables.  

Based on the overall results of different analyses, PCA proved to be a benefi-
cial method for identifying the most influential variables and quickly pointing 
out the relationship among the elements in the first two principal components, 
as illustrated in the score plot in Figure 2. The plot shows the location of the 
objects in the multivariate space of the first and second principal component 
score vectors. The plot of the heavy metals encountered showed that most of the 
elements were found clustered together, except for Cd, As and Ni, which clearly 
distinguished themselves from others. In particular, the heavy metals Pb, Cr, Cu 
and Mn placed to the right in the loading plot are close together and, therefore, 
positively correlated, indicating the common source of contamination. Ni de-
viated slightly from other heavy metals in PC1. As is placed to the left in the 
loading plot, it is negatively correlated with other heavy metals in the first PC. 
Finally, the PC2 is characterized by one variable, Cd, placed far right in the 
loading plot. Thus, As, Cd and Ni are from the same source of contamination. 

 

 
Figure 2. Plot of the first and second PC loading vectors Lead (Pb), Chromium (Cr), 
Cadmium (Cd), Copper (Cu), Arsenic (As), Manganese (Mn), Nickel (Ni). 

3.4. Hierarchical Cluster Analysis 

The results of the hierarchical cluster analysis are presented in the dendrogram. 
This directly reflects the correlation between soil metals, revealing the sources of 

https://doi.org/10.4236/gep.2022.104019


C. A. Kahangwa 
 

 

DOI: 10.4236/gep.2022.104019 312 Journal of Geoscience and Environment Protection 
 

heavy metal contaminants in soil. Variables are grouped into clusters using hie-
rarchical cluster analysis with the average linkage between groups and the abso-
lute values of the correlation matrix as a similarity measure. Strongly interrelated 
variables clustered together, regardless of the positive or negative sign of the re-
lationship. For example, Figure 3 displays two clusters: (C1) As, Cd, and Ni, and 
(C2) Pb, Cu, Cr and Mn.  

3.5. Pollution Index (PI) 

Based on the pollution index (PI), the soil contaminated with heavy metals is 
highly contaminated with Pb, Cr, Cd, Cu, As, and Ni. On the other hand, Mn 
had low contamination (Table 6). However, Cd, with a pollution index above 
Pb, Cr, Cu, As, Mn and Ni, is a chief contamination element of soil in the stu-
died area. 

3.6. Index of Geoaccumulation (Igeo) 

Igeo indicated that the soils in the study area fall into moderately to highly con-
taminated soils (Table 7). Specifically, the results showed that the mean geoac-
cumulation index for Cd (3.035) showed moderately to strongly contaminated 
surface soils. As (4.485) and Cu (4.983) were strongly to extremely contaminated.  
 

 
Figure 3. Dendrogram using average linkage (between groups) obtained by hierarchical 
cluster analysis. 
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Table 6. Pollution index for classification of soil contaminated with heavy metals. 

Metal PI Classification 

Pb 6.96 High contamination 

Cr 3.33 High contamination 

Cd 731.48 High contamination 

Cu 17.42 High contamination 

As 7.70 High contamination 

Mn 1.00 Low contamination 

Ni 5.41 High contamination 

 
Table 7. Mean geoaccumulation index and standard deviation. 

 
Pb Cr Cd Cu As Mn Ni 

N 
Valid 45 45 45 45 45 45 45 

Missing 0 0 0 0 0 0 0 

Mean 5.1130 5.3786 3.0347 4.9827 4.4838 7.0486 5.0803 

Std. Deviation 0.21306 0.16430 0.13828 0.08708 0.08825 0.09344 0.12161 

 
In the cases of Pb (5.133), Cr (5.379), Mn (7.049), and Ni (5.080), Igeo indicated 
extremely contaminated soils. Nevertheless, the Igeo value increased in the fol-
lowing order: Cd (3.035), As (4.485), Cu (4.983), Ni (5.080), Pb (5.133), Cr (5.379), 
and Mn (7.049) (Table 7).  

4. Discussion 

In this study, the strong positive correlation among Cu, Mn, Ni, Pb and Cr could 
be explained by the dependence of these heavy metals on one another. Accord-
ing to Krishna et al. (2013) the positive correlation among heavy metals indicates 
common anthropogenic pollution levels and sources. Anju & Banerjee (2012) 
also observed a significant correlation between Cu-Mn, Cu-Ni, Cu-Pb, Mn-Ni, 
Mn-Pb and Ni-Pb in a multivariate statistical analysis of the heavy metals in the 
soils of the Pb-Zn mining area, India.  

The results show that Cd had a weak positive correlation with Pb and Cr and a 
negative correlation with Cu, As, Mn and Ni implying that the level of Cd 
slightly depends on the level of Pb and Cr, indicating the same processes on their 
levels in the soil. However, the level of Cd does not depend on the level of Cu, 
As, Mn and Ni indicating different processes are responsible for their levels in 
the study mines. The results contradict those of Anju & Banerjee (2012), who 
stated clearly that there is a positive correlation between Cd-Cu, Cd-Mn and 
Cd-Ni. Also, the study conducted by Benavides et al. (2005) on cadmium toxicity 
indicated that metals such as Pb, Cd and Cu eventually delivered from a growing 
number of anthropogenic activities, including mining operations. 

The study also indicated negative correlations between As-Pb, As-Cr, As-Cd, 
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As-Cu, As-Ni and As-Mn. Ma et al. (2015) observed similar correlations in heavy 
metal contamination of agricultural soils affected by mining activities around the 
Ganxi River in Chenzhou, Southern China. In addition, there is a significant 
negative relationship between Ni and As. The study negates the study conducted 
by Krishna et al. (2013) that found a strong correlation between As and Pb in the 
soil around the mining area.  

According to the initial eigenvalue results, PCAs were considered and grouped 
into two component models, accounting for 72.48% of the total variance. The 
greatest variance (55.41%) indicated that Pb, Cr, Cu, As, Mn and Ni were strongly 
associated with PC1, which originated from mining and related activities. The 
results in PC1 are in line with the study conducted by Fernandez-Caliani et al. 
(2009) on the heavy metal pollution in soils around the abandoned mine sites of 
Iberian, showing that the Pyrite belt has strong loadings of Pb, Cu, As and Ni in 
the single factor, indicating mining is the source of contamination. The results 
are also in line with the study conducted by Gao et al. (2017) on the spatial dis-
tribution and accumulation characteristics of heavy metals in steppe soils around 
three mining areas in Xilinhot, Inner Mongolia, China, indicating that the PC1 
mainly reflects the enrichment information of Cr, Cu, and Ni, and the contribu-
tion rate is 46.28%. On the other hand, Cd is distributed in PC2 originating from 
local natural and anthropogenic sources. The results of PC2 contradict the stu-
dies conducted by Fernandez-Caliani et al. (2009) and Gao et al. (2017) that 
showed Cd is not from the same source as other elements.  

The cumulative variance contribution of the first two principal components 
has been 72.48, which can explain the total variance of 72.48%. These results 
align with Gao et al. (2017) that, in the gold mine area, all the heavy metals in 
the soil are extracted as two main components, with a cumulative contribution 
of 79.99%. The elements in PC1 mainly come from anthropogenic sources, such 
as mining and its associated activities. However, Cd, As and Ni deviated from 
other elements in the score plot, indicating a different source of pollution. The 
results also showed two clusters. Cluster 1 probably suggests a common source 
of contamination and cluster 2 may suggest different sources of contamination. 
Thus, the CA results in gold mining areas are almost consistent with what was 
observed in the PCA. 

The present study indicated that the soils in the studied site were moderately 
to highly contaminated by Pb, Cr, Cd, Cu, As, Mn and Ni, as evidenced by PI 
and Igeo. The main contaminated components of soil in the examined areas are 
Pb, Cr, Mn, and Ni, which have Igeo that are essentially higher than Cd, As, and 
Cu. These findings contradict Wei et al. (2011), who found that Igeo of Cu and 
Cd are the most common contaminants, followed by Zn, Ni, Pb, and Cr. 

5. Conclusion 

In this study, the PCA and CA provided that Pb, Cr, Cu, and Mn come from 
different sources of pollution than Cd, As and Ni. Therefore, the study concludes 
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that soil contamination results from both natural and anthropogenic processes, as 
evidenced by PCA and CA. The PI and Igeo confirmed that soils in the mining 
areas were contaminated in a range of moderately through strongly to highly con-
taminated soils. Thus, PCA, CA, Igeo and PI are essential in assessing and mon-
itoring heavy metal contaminated soil. 
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