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ABSTRACT: Heavy metal contamination around mining sites poses serious environmental and human health risks, especially in
regions where mining activities are prevalent. This study investigates the application of multivariate statistical approach (Principal
component analysis and Pearson’s correlation) for origin identification of heavy metal pollutants in the vicinity of copper mine tailings
ponds in Malanjkhand District, Madhya Pradesh, India. The total concentrations of key heavy metals (Zn, Cu, Fe, Pb, Ni, Mn and Cd)
in the water sample were taken from the available literature on the Malanjkhand copper mine to determine pollution levels and sources
of production. Pearson’s correlation results showed that Cu exhibited a positive correlation with Fe, Zn, Ni, and Cd at the 0.01
significance level, suggesting a common origin. Additionally, negative correlations were observed between pH and Cu, Zn, Ni, Fe,
Mn, and Cd, which indicates an inverse relation. Principal component analysis (PCA) with varimax normalised rotation was
implemented to identify the potential source of heavy metals in water samples in the vicinity of the mine. PCA results indicated that
the heavy metals Zn, Ni, Fe, Mn, Cd, and Cu in the water sample surrounding the mining area were strongly influenced by mining
activities. The effect of low pH and mobility of heavy metals on the hydraulic conductivity and soil strength has been discussed. The
results emphasise the necessity of enhanced pollution control measures and long-term monitoring to reduce the environmental hazards

associated with mining activities in the region.
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1 INTRODUCTION

The modernisation and advancement of countries have led to a
significant increase in copper utilisation across various
developmental sectors. This growing demand has placed
immense pressure on the mining industry to enhance copper
production. However, large-scale copper extraction generates
substantial amounts of copper tailings as a byproduct of ore
processing. 1 ton of copper ore yields approximately 0.96 tons
of tailings (Singh & Mishra 2023). These tailings contain
sulphur minerals such as pyrite, marcasite, and chalcopyrite,
which oxidise when exposed to water and air, forming sulphuric
acid. This acidification lowers the environmental pH, creating
conditions that favour the leaching of heavy metals into the
water system, a process known as acid mine drainage (AMD)
(Akcil & Koldas 2006). AMD contaminates both underground
and surface water, posing long-term ecological and health risks
(Kefeni et al. 2017). Critically for geotechnical engineering,
these chemical changes can fundamentally alter the
physicochemical and mechanical properties of the soil,
affecting its strength, compressibility, and permeability (Zhang
et al. 2024). Malanjkhand copper deposit holds nearly 221
million tons in total reserves, with an annual production of
nearly 2.1 million tons at an average copper grade of 1.31%.
Annually, Malanjkhand produces nearly 2 million tons of
tailings (Indian Minerals Yearbook-2022, 2024).

Most of the research on the Malanjkhand copper mine for
its geological and mineralogical characteristics, including ore
genesis, minerals in granite rock, and hydrothermal processes
(Stein et al. 2004; Panigrahi et al. 2008). However, only a few
studies have reported toxic mine drainage containing elevated
levels of Cu, Zn, and Cd that severely impact soil and sediments
(Pandey et al. 2007; Ma et al. 2022). Minerals such as alpersite
and epsomite occur as efflorescent salts in hot environments
and accumulate high concentrations of heavy metals, but
dissolve during rain, releasing stored heavy metals and
increasing contamination levels (Equeenuddin et al. 2017).
River water quality is affected by anthropogenic activities like
mining and discharge of wastewater, as well as natural factors
including geology and climate (Kazi et al. 2009). Groundwater
and soil near mining sites must be evaluated to determine
impacts from extraction and geological interactions (Singh et
al. 2008). Recent studies have increasingly employed
multivariate statistical techniques to identify contamination
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sources in surface and underground water systems (Barakat et
al. 2016; Wu & Wang 2007). Multivariate statistical methods
have been widely applied in underground water quality
assessments from different origin points (Prasad et al. 2019;
Kumarasamy et al. 2014). These statistical approaches are
equally powerful for geotechnical analysis, as they can help
correlate specific contaminant sources and concentrations with
changes in soil engineering behavior (Kossoff et al. 2014).
Multivariate statistical approaches, including factor analysis,
principal component analysis, and cluster analysis, were used
to study surface water quality variations across 38 monitoring
sites in Can Tho City, Vietnam, from 2008 to 2012. Similar
approaches were used to examine pollution sources in Indian
rivers like the Yamuna and Ganga (Sharma et al. 2015) and to
determine factors that control hydrochemical variation in the
Tamiraparani river basin (Kumarasamy et al. 2014). Numerous
studies have demonstrated the effectiveness of principal
components analysis and cluster analysis for surface water
quality evaluation (Hai et al. 2009; Razmkhah et al. 2010).

Despite growing concerns about heavy metal
contamination, significant knowledge gaps persist regarding
the limited systematic investigation of heavy metal source
identification, and the absence of advanced multivariate
statistical ~ approaches  for  discriminating  between
anthropogenic (Mining) and geogenic heavy metal sources.
Therefore, the present study aims to identify and differentiate
the sources of heavy metal pollution by employing advanced
multivariate statistical approaches, including principal
component analysis (PCA) and Pearson correlation analysis
(PA), to provide a basis for predicting their potential impact on
key soil engineering properties.

2 MATERIAL AND METHODS

2.1 Study area

The research was conducted at the Malanjkhand copper mining
operation, situated in Madhya Pradesh's Balaghat district at
coordinates 22°02'N, 80°43'E. This facility represents the
country's most significant copper extraction site under the
management of Hindustan Copper Limited (HCL). The mining
area is positioned within the watershed region where the Banjar
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and Son river systems converge, approximately 575 meters
above sea level.

Mining operations utilise a pipeline system that
employs pressurised water to transport processed sand and
waste materials to containment facilities. The site features a
processing facility with an annual capacity of 2 million tons,
employing heap leaching methodology for copper extraction.
The local hydrogeological conditions consist of an unconfined
aquifer system with depths varying between 11 and 42 meters,
encompassing both shallow and deep zones. The presence of
consolidated rock formations and heterogeneous subsurface
conditions results in inconsistent and generally reduced
groundwater movement throughout the region. Figure 1 shows
the satellite image of the Malanjkhand Copper Mine and
tailings pond.
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Satellite image of the study area
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Figure 1.
2.2 Geological formation

The regional stratigraphy encompasses two primary geological
units: an ancient crystalline foundation and overlying
metasedimentary sequences belonging to the Chilpi Ghat
Formation. This formation comprises coarse-grained
sedimentary rocks, including conglomerates, arkosic
sandstones, and quartzites, which rest upon the underlying
basement rocks. The foundation complex is characterised by
granitic intrusions, quartzites, aplitic bodies, and mafic rock
units. The contact between these geological units creates an
unconformable relationship that is prominently exposed along
the southern and western margins of the copper mineralisation
zone.

2.3 Statistical evaluation

This study defines the values for the pH and heavy metal
concentration (Zn, Ni, Cu, Cd, Pb, Fe, and Mn) in the water
were obtained from the detailed hydrogeochemical study on
Malanjkhand copper mine, conducted by Equeenuddin et al.
(2017) the as shown in Table 1. Multivariate techniques,
including PCA and PA, were applied to examine the
relationships between heavy metals and their potential sources.

Principal Component Analysis (PCA) is a statistical
approach that reduces the dimensionality of the variables by
transforming the associated variables into a lower set of
unrelated components, known as principal components (PCs).
These components capture the maximum variance in the data,
allowing for the identification of underlying patterns and
dominant pollution sources. In this study, PCA was applied to
reduce the dimensionality of the heavy metal dataset while
retaining most of the original variability. The extracted
components were interpreted on the basis of their loading factor
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with values >0.7, 0.30-0.75, and <0.30 indicating strong,
moderate, and meaningless associations, respectively.

Pearson’s correlation analysis was employed to evaluate
the linear relationships between pairs of heavy metals. The
value of the correlation coefficient (r) is between —1 to +1.
Values near 0 mean that the variables have no significant
correlation. The strength of the linear relationship is given by
the coefficient's absolute value, and its direction (positive or
negative association) is shown by the sign. This analysis helped
in identifying metals that may share common sources or exhibit
similar geochemical behaviour in the aquatic environment.
Statistical data analysis was performed using IBM SPSS
Statistics.

Table 1. Heavy metal concentrations reported by Equeenuddin et al.
(2012).

Location pH EC Cu Pb Zn
W1 3.8 1565 9.2 0 0.15
w2 34 1827 14.7 0 0.24
W3 4.7 1404 11.2 0 0.16
W4 5.33 2209 49.6 0.04 0.42
W5 6.1 1693 20.1 0 0.26
W6 4.35 2075 60.8 0 0.46
w7 6.75 937 0.12 0 0

W8 7.06 152 0.18 0 0
W9 7.53 167 0.03 0 0
W10 7.24 254 0.09 0 0
W11 6.99 622 0.04 0 0
W12 6.82 754 2.48 0 0.01
W13 7.56 334 0.05 0 0
w14 2.39 2873 65.2 0 1.45
W15 248 2230 15.6 0 0.37
Wi6 7.7 279 0.08 0 0
w17 7.1 302 0.06 0 0
W18 6.34 281.4 0.04 0.01 0.003
Average 5.758 1108.800 13.865 0.003 0.196
1S:10500 6.5-6.8 300 1.5 0.01 15
(2012)

Table 1 (contd.) Heavy metal concentrations reported by

Equeenuddin et al. (2012).

Location Ni Fe Mn Cd
W1 0.06 0.039 0.005 0.004
w2 0.1 0.026 0.007 0.005
W3 0.06 0.08 0.02 0.006
W4 0.11 0.14 0.015 0.02
W5 0.08 0.062 0.008 0.015
W6 0.12 0.19 0.036 0.006
w7 0.01 0.007 0.002 0
w38 0 0.005 0 0
W9 0 0.003 0 0
W10 0 0.008 0.001 0
Wil 0 0.012 0.002 0
Wi2 0.02 0.03 0.009 0
W13 0 0.014 0.006 0
w14 0.42 68 2.65 0.028
W15 0.13 6.2 1.06 0.02
W16 0 0.03 0 0
w17 0 0.006 0.003 0




w18 0.007 0.008 0 0
Average 0.062 4.159 0.212 0.006
1S:10500  0.02 03 0.3 0.003
(2012)

3 RESULTS AND DISCUSSION

This section presents an analysis of the pollution level of heavy
metals in water near the copper mine and compares the value
with IS:10500 (2012). Multivariate analysis was conducted to
assess the correlation between the pH and heavy metals and
source identification.

3.1 pH, electrical conductivity and concentration of heavy

metals

Equeenuddin et al. (2017) collected water samples from 18
locations surrounding the copper mine and analysed heavy
metal concentrations using atomic absorption
spectrophotometry (AAS). In the present study, these reported
concentrations were compared with the permissible limits set
by IS:10500 (2017).The pH of the water samples, as measured
by Equeenuddin et al. (2017), ranged from 2.39 to 7.70, with an
average of 5.75 (Table 1), indicating acidic conditions in the
study area. This acidity is attributed to acid mine drainage
(AMD), resulting from the interaction of rainwater with
sulphide-rich minerals and mine waste, such as copper tailings
(Bempah et al. 2013). The recorded pH values fall below the
acceptable range for drinking water as per 1S:10500 (2012).
Low pH from acid mine drainage mobilises heavy metals,
chemically degrading clay liners to increase permeability and
promote subsurface erosion (Amiri & Ghasemi 2025). Figure 2
shows the flow chart of soil erosion.

Low pI (Acidic)

AMD (Mabilisation
of heavy metals)

4

[ Toxic metals
L y J
+ 5 . L}
P ]
| Chemical | Physical |
Attacks on clay liners, | Canses clay dispersion
’ tanses clay dispersic
embankment & core Y F
Cation exchange & Initiate subsurface
wineral dissolulion erosion
Tnereased hydraulic -
oA ;y. Piping
conduclivity

L z I
¥

Wenkened shiucture & |
less of conluiment

bt

l Tnerensed risk of dam

thilure

Figure 2. Flow chart of soil erosion

Additionally, the electrical conductivity (EC) of the water
samples averaged 1108.8 uS/cm, exceeding the IS:10500
(2012) permissible limit, suggesting that a high concentration
of dissolved minerals alters the soil plasticity and compaction
characteristics.

The study by Equeenuddin et al. (2017) reported average
heavy metal concentrations of 13.865, 0.003, 0.196, 0.062,
4.159, 0.212 and 0.006 (ppm) for Cu, Pb, Zn, Ni, Fe, Mn and
Cd, respectively. Among these, Cu, Ni, and Fe levels surpassed
the 1S:10500 (2012) guidelines. High concentration of metal
cations compresses the clay double layer. This forces the
particles closer together, which changes soil plasticity, making
it less flexible and more brittle. Consequently, the soil strength

5273

is reduced, and its permeability is increased (Ma et al. 2022).
Table 1 summarises the heavy metal concentrations in water
samples from the Malanjkhand copper mine area, as
documented in the original study.

3.2 Pearson’s correlation between pH and heavy metals

Pearson’s correlation analysis of the water samples is presented
in Table 2. The analysis revealed strong positive correlations of
Cu with Zn, Ni, Fe, and Cd at the 0.01 significance level, and a
moderate positive correlation between Cu and Mn at the 0.05
level. pH showed negative correlations with Cu, Zn, Ni, Fe, Mn,
and Cd, indicating inverse relationships that confirm the active
leaching of these elements due to acid generation, a critical
geochemical process that can undermine the long-term stability
of tailings dams by promoting internal weathering and
weakening of soil fabric. At the 0.01 significance level, the
correlation coefficients between Cu and Zn, Ni, and Cd were
0.86, 0.82, and 0.77, respectively, indicating strong
associations. These patterns suggest that the correlated metals
share a common anthropogenic source, such as mining
activities, and exhibit similar transport behaviours.

Table 2.  Pearson’s correlation coefficient matrix between pH and
heavy metals for the water sample.

Metal pH Cu Pb Zn Ni Fe Mn Cd
pH 1

Cu —0.651" 1

Pb —-.039 0365 1

Zn -0.731" 0.862" 0.123 1

Ni -0.780"" 0.829™ 0.083 0.994™ 1

Fe -0.512" 0.595™ —.078 0.902" 0.899™ 1

Mn  —0.623" 0.576" —.094 0.894™ 0.903" 0.956" 1

Cd -0.735" 0.777" 0.356 0.861" 0.864™ 0.668" 0.753™ 1

** Correlation is significant at the 0.01 level (2- tailed).
"Correlation is significant at the 0.05 level (2- tailed).

3.3 Principal component analysis

PCA was evaluated using varimax normalised rotation to assess
the potential contributing sources of heavy metals in the water
sample, as shown in Table 3.

Table 3.  Principal component analysis of heavy metals in water
sample.

Metal PCl1 PC2
Fe 0.969 0.208
Mn 0914 0.334
Zn 0.822 0.535
Ni 0.803 0.580
pH —0.309 -0.927
Cd 0.601 0.617
Cu 0.515 0.615
Pb 0.059 0.053
Eigenvalues 5.72 1.27
Variance (%) 71.58 15.94
Cumulative (%) 71.58 87.52

Principal Component Analysis (PCA) depicts two
dominant components, PC1 and PC2, with eigenvalues greater
than 1, explaining 87.52% of the total variance. PCI,
accounting for 71.58% of the variance, was primarily
associated with Fe, Mn, Zn, Ni, Cd, and Cu, with Fe showing
the highest loading of 0.96. PC2, explaining 15.94 % of the



variance, exhibited notable loadings for Cd, Cu, Ni, Zn, and
Mn, with values of 0.62, 0.61, 0.58, 0.53, and 0.33,
respectively. The results indicate that PC1 represents a
substantial anthropogenic source, mostly associated with
copper mining operations, whereas PC2 suggests a lithogenic
origin. These analyses imply that mining has a significant
impact on the proportion of Fe, Mn, Zn, Ni, Cd, and Cu in the
water close to the mining area. The scree plot (Figure 3)
demonstrates a pronounced reduction in eigenvalues following
PC2, establishing these first two principal components as the
dominant sources of variation within the dataset.
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Figure 3. Scree plot of eigenvalues versus principal components.

4 CONCLUSION

Contamination through heavy metals (Cu, Pb, Zn, Ni, Fe, Mn
and Cd) around mining sites poses significant environmental
and public health risks. Results revealed that the concentration
of Cu, Ni and Fe exceeds the permissible limit as per IS:10500
(2012). Pearson correlation analysis shows that a strong
positive correlation of Cu with Zn, Ni, Fe and Cd at a
significance level of 0.01, suggesting a common origin.
Additionally, negative correlation of pH with Cu, Zn, Ni, Fe,
Mn and Cd indicates a more acidic environment more release
of these metals. Principal component analysis revealed that
metal concentrations Fe, Mn, Zn, Ni, Cd and Cu were the
dominant contributors, representing 71.58% of the overall
variance. Combining Pearson correlation and principal
components analysis identified that the mining activity is a
major source of Cu, Zn, Ni, and Cd in water around the copper
mine area. Low pH promotes cation exchange and mineral
dissolution and increases the hydraulic conductivity, and
weakens soil strength. These findings indicate the urgent need
for a comprehensive response integrating phytoremediation
strategies and monitoring programs for water, crops and soil in
affected communities.
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