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ARTICLE INFO ABSTRACT

Keywords: This study evaluates the impact of mining on soil contamination by conducting a source-specific probabilistic

Gold r'nining health risk assessment of Potentially Toxic Elements (PTEs) in Southwestern Ghana. Using an Energy-Dispersive

1;"““}'[110“. X-ray Fluorescence (ED-XRF) spectrometer, 720 soil samples were analyzed for their elemental concentrations.
eochemistry

The samples were obtained in 2024 from the B-horizon to provide better accuracy in detecting actual contam-
ination levels linked to illegal mining activities. The PTEs with the highest frequency above their Upper Con-
tinental Crustal Averages (UCC) were As(100 %), Ba(13 %), Cr(5.8 %), Pb(2.7 %), Co(2 %), V(2 %), Cu(0.4 %)
and Zn(0.4 %). Correlation Coefficient, Self-Organizing Maps (SOM) and Principal Component Analysis (PCA)
identified three groups of PTEs, which are geochemically linked elements (Ba, Cr, Cu, Ni, V), anthropogenically
influenced As, and a group with low correlations (Co, Pb). Results indicate that anthropogenic activities, such as
gold extraction, partly drive As distribution. Geoaccumulation and Pollution Indices reveal varying levels of
pollution in As, Cr, and Pb. Health risk assessments, using deterministic and probabilistic methods, found that
while non-carcinogenic risks were within safe limits for adults (Hazard Index [HI] < 1), children faced higher
risks (HI > 1) for As, Cr, Co, and V. Carcinogenic risks for both groups were within the acceptable threshold
(10*-107%), with children at greater risk. Ingestion was identified as the primary exposure pathway. The study
highlights the higher susceptibility of children to PTE pollution, emphasising the need for interventions to
mitigate risks from PTEs.

Self Organising Maps
Heavy Metals

1. Introduction with Potentially Toxic Elements (PTEs) such as arsenic, cadmium, and

lead, which are released in the course of the mining process (Agyeman et

Although mining contributes significantly to the economic devel-
opment of Ghana, it is also associated with serious environmental and
public health risks (Kazapoe et al, 2023). A critical issues of concern
associated with this is the contamination of soil and water resources
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al, 2021). There is a risk of these contaminants entering the food chain,
water sources, and air if left uninhibited, bringing about serious health
risks for nearby communities (Emmanuel et al., 2018). Like many re-
gions in Ghana, Southeastern Ghana is heavily impacted by both
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artisanal and large-scale mining, highlighting this problem (Gbedzi et al,
2022). Understanding the degree of contamination and the health im-
plications that come with it is integral for the protection of vulnerable
populations and the safeguarding of the environment.

There are myriads of ways through which PTEs are introduced into
the environment. These processes, both natural and anthropogenic,
often include activities like mining, industrial emissions, and agricul-
tural practices (Wani et al, 2023; Zhang et al, 2024). Exposure to these
contaminants by humans happens through three primary pathways,
ingestion, dermal, and inhalation. Exposure through ingestion can occur
through the consumption of contaminated crops, dermal exposure can
occur through direct skin contact with contaminated soils, and exposure
through inhalation can occur through breathing in contaminated soil
particles (Opoku et al., 2020). The health effects associated with PTEs
range from gastrointestinal issues to chronic conditions including
neurological damage and cancer (McKone and Daniels, 1991).

The value of merging environmental management and policy in
mitigating the impacts of contamination from mining related activities
cannot be overstated. Effective management involves understanding the
pathways through which PTEs are released and distributed in the
environment. Policies must be designed based on robust scientific evi-
dence to target key sources of pollution, prioritize remediation and
protect vulnerable communities. The absence of comprehensive assess-
ments and policies designed specifically to combat unique problems
leads to disorganized and ineffective mitigation efforts, abandoning
communities and exposing them to long-term health and environmental
risks.

Past literature has extensively documented the presence of PTEs in
mining regions, with a primary focus on quantifying contamination
levels or on assessing health risks with limited integration of these two
aspects (Mensah et al., 2015a; Banchirigah, 2008). However, these
pollutants are highly variable, strongly influenced by natural factors
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such as elevation, soil properties, and local environment, resulting in
pronounced differences in the region (Kowalska et al., 2022). Geo-
statistical and multivariate statistic spatial mapping techniques are
useful tools for source identification and investigation of relationships
among pollutants (Hou et al., 2017; Kazapoe et al., 2024). Although
employed with utility, these approaches primarily emphasize the spatial
distributions, leaving out some subtle variations and complicated het-
erogeneities in pollution behaviour (Amuah et al., 2022).

Furthermore, most previous investigations of health risks as a
consequence of these contaminants have been based on deterministic
frameworks, in which a single point measurement is used to make an
estimate of environmental risk. These methods are widely used, but their
uncertainties are compounded as they do not properly account for the
dynamism of pollutant concentrations, sources, or the dynamics in
ecosystems themselves (Dong et al., 2015). These are restrictions that
point to the need for more robust methodologies to provide greater and
more accurate risk assessment.

In response to these problems, this research integrates multivariate,
deterministic and probabilistic approaches, including Monte Carlo
simulation, to provide robust assessments of PTEs in southwestern
Ghana which is largely a mining-endemic area. Most notably, this
combined strategy not only minimizes uncertainties, but also helps
establish a more reliable basis for risk assessment of the environmental
and human health impacts associated with spatiotemporal variability.
By integrating source apportionment techniques with Monte Carlo
simulation, the research seeks to provide actionable insights for envi-
ronmental management and inform policy recommendations.
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Fig. 1. Location map of the Wassa Amenfi West and Central Districts.
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2. Methods
2.1. Area of study

The study area, which is located in the Western Region of Ghana,
consists of the Wassa Amenfi Central and Wassa Amenfi West districts
(Fig. 1). With a total area size of 1,643 km? (634 sq mi), the geographical
location is 5°37'59.52"N 2°15'4.32"W (Owusu-Nimo et al., 2018). Gold
and cocoa production are the main income sources for its inhabitants
(Boakye Dankwah et al., 2024; Enu-Kwesi et al., 2023).

Wassa Amenfi is drained by many streams and rivers that are
important to mining and agriculture. The water bodies also serve a huge
function in irrigation in the dry seasons to supply the farms (Asare et al.,
2019). Unfortunately, illegal mining works, colloquially referred to as
’Galamsey,” have significantly impacted the drainage system, leading to
soil erosion and water pollution (Ofori et al., 2024; Wireko-Gyebi et al.,
2020). The degradation of these water bodies serves as a significant
hazard to the health of local ecosystems and sustainable farming prac-
tices (Kuffour et al., 2020; Ofori et al., 2024).

The Wassa Amenfi district generally has clayey and loamy soil types,
suitable for cocoa growth. The region’s meteorological conditions are
ideal boost for soil fertility due to large amounts of rainfall and hu-
midity. Despite this, mining operations have seriously contaminated the
soil with heavy metals, creating huge problems for food safety and
human health (Afriyie et al., 2023; Gyimah, 2019). These operations
negatively affect the quality of the soil close to the mining area and mess
up agricultural productivity (Enu-Kwesi et al., 2023).

The Wassa Amenfi District is a demographically heterogeneous
population. The population consists of several ethnic groups, of which a
large part grows cocoa. According to recent estimates, there are roughly
42,578 cocoa growers in Wassa Amenfi West and 26,500 in Wassa
Amenfi Central, emphasising cocoa’s importance as the region’s prin-
cipal economic driver (Boakye Dankwah et al., 2024; Enu-Kwesi et al.,
2023). Furthermore, agricultural and mining operations, such as pesti-
cide and heavy metal exposure, plague the population with health dif-
ficulties (Afriyie et al., 2023; Gyimah, 2019).

The Wassa Amenfi traditional area is primarily composed of rocks
from the Paleoproterozoic Birimian terrane, which formed during the
Eburnean orogenic events at ca. 2.1 Ga (Kazapoe et al., 2022; 2023;
Sakyi et al., 2024). The northern and eastern parts of the study area are
underlain by volcaniclastic sediments dated at 2159 + 4 Ma, Whereas
the western and southwestern parts are mainly argillites and pelitic
rocks dated at 2139 + 2 Ma. Chert of 2134 Ma occupies the southeastern
portion of the study area (Fig. 1; (Agyei-Duodu et al., 2009).). Biotite
granitoids intrude the volcaniclastic and pelitic rocks (Fig. 1). These
granitoids are dated between 2116 — 2092 Ma (Amponsah et al., 2023;
Sakyi et al., 2024). Generally, these rocks have undergone regional
greenschist facies metamorphism (Agyei-Duodu et al., 2009). Structur-
ally, the rocks of the study area foliated and folded.

2.2. Soil sampling

The study analysed a total of 720 samples. To cover the study area
and capture soil variability, a grid-based sampling approach was used
which covered the area considering the various usages of land (mining
and agriculture). It was divided into equal cells suitable for systematic
sampling with representative distribution of samples. Systematic sam-
pling is vital for monitoring mining areas because contamination often
displays complex spatial distribution from localized pollution sources,
including tailings, pits and waste dumps. Composite samples were
collected from the B-horizon at a depth of 20 cm to evaluate subsurface
properties. The B-horizon was selected for sampling because it serves as
a stable layer that effectively binds pollutants to its clay and mineral
content. The chosen depth enables long-term ecological and health risk
assessments since it tracks both root-zone interactions and provides
standardized reference points for cross-study pollution comparisons.
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The analysis of the B-horizon provides better accuracy in detecting
actual contamination levels since illegal mining activities usually
involve the mobilization of subsurface materials. Using standardized
tools eliminated the variability and contamination. Protocols to ensure
samples met their potential were followed, involving careful sample
processing in the field, labelling with relevant information, storage in
cool conditions, air drying and sieving for laboratory analysis.

2.3. Analytical procedures

A composite sampling technique was used to collect the soil samples
by taking three separate samples from each location, blending and ho-
mogenizing to average small-scale variability. The Ghana Geological
Survey Authority (GGSA) analysed these samples. The samples were
dried to constant weight for 72 hours at room temperature to reduce
apparent moisture content and then oven-dried. Further, the samples
were sieved through 2 mm mesh size followed by grinding to uniform
fine particles with an agate mortar and pestle.

These dried and ground samples were subsequently compacted into
pellets and analysed for elemental analysis using an Energy Dispersive
X-ray Fluorescence (ED-XRF) spectrometer. The spectrometer was run
50 kV and 1 mA; each sample was analysed three times for accuracy. To
measure the concentration of a variety of elements, including heavy
metals (i.e. As, Ba, Co, Cr, Cu, Ni, Pb, V and Zn), the samples’ X-ray
spectra were recorded. Periodically, control samples were used to
identify contamination or instrumental issues and to verify the repeat-
ability and comparability of results.

The inclusion of Zn and Co in HHRA makes sense because these el-
ements exist commonly in the environment and present potential health
risks even though they are less harmful than Pb and As. Accurate
monitoring along with regulatory actions become essential to protect
human health since essentiality creates a complex relationship with
toxicity, particularly in contaminated areas that combine mining-related
soil pollution with agricultural exposure paths. A thorough assessment
of PTE risks should focus on toxic and moderately toxic elements to
create better guidelines for community protection strategies.

2.4. Quality assurance and quality control analysis (QA/QC)

Quality control was tightly adhered to thus ensuring the credibility
of the soil sampling and analysis results was done according to best
international practice. Every twenty field samples, with duplicates, were
analysed for control reference materials (CRMs) to verify elemental
analysis accuracy and to align with reference standards. This permitted
the study to be able to identify and correct measured inconsistencies.

Recovery and repeatability were determined in about 5 % of the total
field samples by duplicating approximately 36 samples. In both of the
methods, original and duplicate samples were individually analysed,
with an acceptable variation (1.3-9.2 %; see Fig. S1) of the elemental
concentrations as suggested by Kwayisi et al. (2024). The United States
Environmental Protection Agency (USEPA) guidelines for energy-
dispersive X-ray fluorescence (ED-XRF) validation indicate that accept-
able duplicate recovery rates fall within 80-120 % when conducting
quality assurance and quality control (QA/QC) (USEPA, 2007). The
coefficients of variation for accuracy and precision were maintained in
these quality control measures to yield accurate results. Consistency
between the original and duplicate samples indicated that the data was
adequate for further scientific interpretation such as that in contami-
nated soils and environmental impacts.

The research methodology establishes a comprehensive framework
for soil sampling that minimizes biases through mechanisms which
prevent seasonal effects together with instrument constraints and sam-
pling borders. This study incorporates certified reference materials,
multiple analyses, and rigorous QA/QC steps to maintain data reliability
even though XRF spectrometry currently has certain measurement
challenges. The grid-based sampling provides spatial completeness of
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the soil variability over a wide range of land uses while composite
sampling reduces small-scale spatial variability. While minor risks of
localized hotspot detection might be present they can be ignored
because standardized protocols combined with careful sample handling
protect the study findings’ reliability.

2.5. Statistical analysis

The statistical analysis for the study was conducted using Python
version 3.10.12 and Excel 2010. The correlation matrix which estimates
the correlation between parameters was generated using Python. The
SOM and associated component planes used for the visualization of the
unique relationships between parameters were generated using Python.
The PCA as well as the chord diagram for visualizing the relationships
between parameters and principal components were also executed using
Python. Both the deterministic and probabilistic variants of the human
health risk assessment were conducted using Python as well. The sum-
mary statistic for the dataset was performed using Excel 2010.

2.6. Data preprocessing

To ensure the reliability and interpretability of the statistical and ML
methods employed in the study, structured data preprocessing ap-
proaches were employed. In this study, missing values were addressed
using the “Substitution using Minimum Value/2" or “Min/2”, where
each missing value was replaced with the minimum recorded value
divided by 2 within the respective variable. This approach minimizes
data loss while maintaining the statistical integrity of the dataset. Lastly,
the dataset was standardized using the standard scalar library in Python
before each analysis was conducted; this prevents unstable behaviour
caused by variables or values with vastly different magnitudes.

2.7. Pollution indices

To aid in the estimation of the level of pollution, the following
indices were used in the study, single Pollution Index (PI) and
Geochemical Index (Igeo).

2.7.1. Geochemical Index (Igeo)

Geochemical Index (Igeo) contributes to the assessment of contam-
ination by comparing concentrations of elements in specific environ-
ments to a reference concentration. It is represented by equation (1).

Cn
Igeo = log, <ﬁ> (€D)

where C, represents the metal concentration, B, represents geochemical
background values (Miiller, 1981).

2.7.2. Single pollution Index (PI)

Single Pollution Index (PI) measures the pollution level of a single
heavy metal in a soil sample by comparing the concentration of the
metal in the sample to a reference value. It is calculated using equation

(2

Cn

Pl =_— 2

BG @

where C, represents concentration of the metal in the sample and BG

represents the geochemical background value (Weissmannova and
Pavlovsky, 2017).

Table () shows the classification for both Igeo and PI.
2.8. Self-organizing maps (SOM)

Self-Organizing Map (SOM) algorithm, introduced by Kohonen
(1982), was utilized in this study to cluster the relationships between
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variables in a dataset. SOM is a neural network model designed to create
a nonlinear transformation. It maps high-dimensional input data, such
as sensory or other signals, onto a lower-dimensional neural grid
(Kohonen, 1997). SOMs are made up of neurons assembled onto a low-
dimensional grid. The clustering process helped reveal inherent group-
ings within the contaminants, providing insights into their potential
interrelationships and spatial distribution.

In a Self-Organizing Map (SOM), neurons are linked through a
neighbourhood relationship that defines the map’s topology or structure
(Kirt et al, 2007). This ensures that similar entities are positioned close
to each other on the grid. The training process builds the SOM nodes to
represent the entire dataset, with the weights adjusted iteratively. At
each iteration, a sample vector is randomly selected from the input data,
and the distances between this vector and all weight vectors of the SOM
are calculated using a chosen distance metric (Astel et al, 2007).

In our study, the non-hierarchical K-means clustering algorithm was
employed. For the best possible set of results, the model was tuned using
the Davies-Bouldin Index (BDI). At every iteration, parameters like grid
dimension, learning rate, neighbourhood radius, and number of itera-
tions were changed, ultimately, the clustering solution with the lowest
Davies-Bouldin index was selected as the most effective classification
(Astel et al, 2007).

2.9. Health risk assessment

The human health risk assessment conducted in the study was per-
formed using guidelines developed by the United States Environmental
Protection Agency (USEPA, 2002, 2006, 2008). A total of 3 exposure
pathways were considered for the study namely, ingestion, dermal
adsorption and inhalation. Two population groups were also considered
for the study, adult and child.

The exposure parameters used in the human health risk assessment
were selected based on established guidelines from the United States
Environmental Protection Agency (USEPA) and human health risk
assessment studies involving potentially toxic elements (PTEs)
(Agyeman et al, 2021, USEPA, 2011, USEPA IRIS, 2024, IDNR, 2024).

Additionally, while the USEPA exposure parameters serve as a
widely recognized reference point, concerns regarding its applicability
to particularly children in Ghana and other parts of the world are valid.
However, in the absence of comprehensive ingestion rate data from
Ghana, relying on internationally accepted values ensures comparability
with other health risk assessments and maintains consistency with
global risk assessment practices. In regions with artisanal and small-
scale mining (ASM) activities, the ingestion rates for children may
indeed be higher due to increased exposure to contaminated soil and
dust. To address this, uncertainty quantification through Monte Carlo
simulation was employed introducing a range of exposure parameters
that would capture higher ingestion rates in ASM intensives regions.
Given these considerations, the exposure parameters chosen for the
study remains an appropriate choice as it provides a protective estimate
of exposure while aligning with international standards.

The calculation of the deterministic method was done using Python
3.10 manually implementing the calculations using the Numpy library.
Visualization of the results was generated using the Matplotlib library.
he probabilistic method, similar to the deterministic was also conducted
using Python 3.10, the Monte Carlo simulation was manually imple-
mented using NumPy library for random sampling of 10,000 iterations
swithin defined parameter ranges namely, ingestion rate (80,120) mg/
day, inhalation rate (15, 25) mg/day, body weight (65,75) kg, exposure
frequency (340, 360) days/year, exposure duration (25, 35) years,
particle emission factor (PEF) (1.3e9, 1.4e9) m3/kg, skin surface area
(5500, 6000) cmz/day, and adherence factor(0.06, 0.08) Ing/cm2 for
adult. For child, ingestion rate (180, 220) mg/day, inhalation rate (6.5,
8.5) m3/day, body weight (10, 20) kg, exposure frequency (340, 360)
days/year, exposure duration (5, 7) years, particle emission factor (PEF)
(1.3€9,1.4€9) m3/kg, skin surface area (1900, 2100) cmz/day, and
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adherence factor (0.18, 0.22) mg/cmz. Visualization of the results from
the Monte Carlo simulation was also conducted using Matplotlib library.

To determine the non-carcinogenic health risk, average daily dose
(ADD) for each element and each exposure pathway was calculated
using equation (3). 4, 5.

Csoit X IngR x EF x ED o

ADDingestiun = BW x AT

CF 3

Csoit X SA X AFsy; X ABS x EF x ED y
BW x AT

ADD germar = CF @

Csot X INhR x EF x ED
ADDinnatation = SU[;JEF x BW x AT ©

Where ADD represents the average daily doses for ingestion, dermal,
and inhalation, Cy,; is the concentration of the contaminant in the soil,
IngR represents ingestion rate, InhR represents inhalation rate, EF rep-
resents the exposure frequency, ED, exposure duration, CF, the con-
version factor, BW, average body weight, AT, average time, ABS
represents, absorption factor, SA, surface area, and PEF, particle emis-
sion factor (Nikolaidis et al, 2013). The values for the exposure pa-
rameters as well as references doses and cancer slope factors for both
adult and child are shown in tables 1 and 2.

3. Results and discussion
3.1. Summary statistics of the PTEs in the area

Table 3 is a summary of the results determined for the selected PTEs
in the study area. A summary statistics table containing all relevant
information regarding the data used in the study was generated using
Microsoft Excel. All samples recorded some PTEs above their Upper
Continental Crustal Averages (UCC) as shown in table 3. In decreasing
order, the PTEs with the most samples above their respective UCC are;
As(100 %), Ba(13 %), Cr(5.8 %), Pb(2.7 %), Co(2 %), V(2 %), Cu(0.4 %)
and Zn(0.4 %). Ni reported just one (1) sample above its UCC values of
75 mg/kg. According to Chen et al. (2008) the Coefficient of Variation
(CV) is generally applied to evaluate soil elemental variability and to
infer their possible sources based on three levels derived from their
corresponding CV values; Weak variability (natural sources) is indicated
by CV < 0.1; moderate variability (natural and anthropogenic sources) is
0.1 < CV < 1; and strong variability, or extrinsic or anthropogenic
sources, is denoted by CV > 1. The samples reported CV values ranging
between 0.40 and 0.98, signifying varying degrees of natural and
anthropogenic influences on the spatial variability of the PTEs in the
area. The CV values of V(0.40), Cr(0.41), Co(0.49), Cu(0.50), Ba(0.51)

Table 1
Exposure parameters for child and adult used in the
calculation of the human health risk assessment.

IngR (Adult) 100 mg/d
IngR (Child) 200 mg/d
InhR (Adult) 20 m®/day
InhR (Child) 7.65 m®/day
EF (Adult) 350d/y

EF (Child) 350d/y

ED (Adult) 30y

ED (Child) 6y

AT ED*365d/y
BW (Adult) 70 kg

BW (Child) 15 kg

SA (Adult) 5800 cm2/d
SA (Child) 2000 cm2/d
AF (Adult) 0.07 mg/cm2
AF (Child) 0.2 mg/cm2
PEF 1.36 x 109 m3/kg

Source: USEPA, 1991, 2002b, 2011, 2013.
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Table 2
Reference doses and cancer slope factors for each PTE used in the calculation of
the human health risk assessment.

Ingestion

As RfD 3 x 10—4 mg/kg-day As_CSF 1.5 mg/kg-day
Ba_RfD 0.2 mg/kg-day Ba_CSF -

Cr RfD 0.003 mg/kg-day Cr_CSF 0.27 mg/kg-day
Co_RfD 0.0003 mg/kg-day Co_CSF -

Cu_RfD 4.0*10-2 mg/kg-day Cu_CSF -

Ni_RfD 2%10-2 mg/kg-day Ni_CSF 0.8 mg/kg-day
Pb_RfD 3.50*10-3 mg/kg-day Pb_CSF

0.28 mg/kg-day
V_RfD 0.007 mg/kg-day V_CSF -

Zn_RfD 3*10-1 mg/kg-day Zn_CSF -

Dermal

As RfD 0.0003 mg/kg-day As_CSF 1.5 mg/kg-day
Ba_RfD 0.014 mg/kg-day Ba_CSF -

Cr_RfD 0.0195 mg/kg-day Cr_CSF 0.27 mg/kg-day
Co_RfD 0.0003 mg/kg-day Co_CSF -

Cu_RfD 0.04 mg/kg-day Cu_CSF -

Ni_RfD 0.0008 mg/kg-dy Ni_CSF 0.8 mg/kg-day
Pb_RfD 0.04 mg/kg-day Pb_CSF 0.28 mg/kg-day
V_R{D 0.00013 mg/kg-day V_CSF -

Zn_RfD 0.3 mg/kg-day Zn_CSF -

Inhalation

As RfD As_CSF 15.1 mg/m3-1
Ba_RfD 0.0005 mg/m3 Ba_CSF -

Cr_RfD 0.001 mg/m3 Cr_CSF 0.27 mg/m3-1
Co_RfD 6*10-6 mg/m3 Co_CSF -

Cu_RfD 4.02*10-2 mg/m3 Cu_CSF -

Ni_RfD 0.0002 mg/m3 Ni_CSF 0.8 mg/m3-1
Pb_RfD 3.52*10-3 mg/m3 Pb_CSF 0.28 mg/m3-1
V_RfD 0.0001 mg/m3 V_CSF -

Zn_RfD 3*10-1 mg/m3 Zn_CSF -

Source: Agyeman et al, 2021, USEPA, 2011 USEPA IRIS, 2024, IDNR, 2024.

and Zn(0.53) showed a mixed source of geogenic and anthropogenic
influence on the distribution of those PTEs. Ni(0.65), As(0.72) and Pb
(0.98) showed values suggestive of a significant degree of anthropogenic
influence on their variance across the study area.

As values across the area fall below the threshold (13.29 mg/kg)
established by Kazapoe and Arhin (2019) in the southwest of Ghana
within a similar geological setting. The reported CV along with the
skewness and kurtosis values of 1.63 and 3.50, suggests that its distri-
bution across the area is influenced by anthropogenic activities with the
presence of some hotspots. The range of figures determined for As are
similar to values reported in stream sediment samples collected from the
Birim (35.01 mg/kg) and Subri (31.82 mg/kg) rivers from the south of
Ghana by Hadzi et al. (2023). The reported values have a wider range
than what was reported (1.7 — 2.4 mg/kg) from the Marlu tailings dam
near Bogoso in the Western region of Ghana (Doku and Belford, 2022).
They are however relatively elevated (0.5 — 1.3 mg/kg) as compared to
mining communities around Kyebi in southeastern Ghana (Opoku et al.,
2024). These values contrast with As values, determined in non-mining
areas in the same geological settings by Obiri et al. (2016) who recorded
arange between 0.8 to 1.1 mg/kg. The pattern of As distribution in mine
spoils around active mines in Ghana was found by Mensah et al. (2020)
to be controlled by amorphous Fe oxides contents, sulphides and As-
bearing minerals. Marschner et al. (2020) agree with this, as they
state that arsenic is often associated with As-bearing minerals such as
scorodite and arsenopyrite. The sulphide complexes are known to be
commonly related with gold mineralisation in Ghana (Kazapoe et al.,
2023).

Similarly, Ba shows a value (196.1 mg/kg) which is far above the
value reported by Crommentuijn et al. (2000: 4.5 mg/ kg). The current
study reported values averagely (6.82 mg/kg) similar to values reported
by Kazapoe and Arhin (2019). Ni exceeded the WHO limit of 35 mg/kg
in only eight (8) samples. Moreover, their CV further indicates moderate
anthropogenic influence in their distribution. Ni values, however, were
found to be largely higher than the 0.20-0.68 mg/kg determined by
Mensah et al. (2015b) in Damang-Abosso which is also a recognised
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Table 3
Summary statistics of the PTEs measured from the study area.
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Minimum Maximum Mean Median Standard Deviation Kurtosis Skewness Coefficient of Variation
As 2 48 9.68 8 7.01 3.50 1.63 0.72
Ba 4 556 196.21 198 99.31 0.014 0.26 0.51
Co 4 20.8 6.82 5.6 3.34 1.28 1.30 0.49
Cr 16 253 84.09 76 34.76 0.96 0.94 0.41
Cu 4 59 12.23 11 6.12 6.54 1.75 0.50
Ni 2 78 11.59 10 7.58 8.91 1.97 0.65
Pb 5 148 7.43 5 7.31 195.75 11.33 0.98
\4 8 189 74.74 73 30.24 0.17 0.49 0.40
Zn 10 187 31.30 27 16.54 14.17 2.52 0.53

mining region that has similar geology. However, these numbers are the
same as those reported by (Kazapoe et al., 2022) from a similar area of
southwestern Ghana (2.00-71.00 mg/kg). Similar results were seen in
this study compared to Opoku et al. (2020)and Baah et al (2023), who
worked in southern Ghana. Despite these findings, which also reported
higher levels of Ni, they found the levels were below a contaminant
threshold of 35 mg/kg established by the WHO. The majority of the
samples recorded Pb concentrations between 5 and 37 mg/kg and
despite Pb’s relatively high maximum values (148 mg/kg), Pb concen-
trations in the majority of the samples were relatively low. Broadly
similar findings have been reported by Baah et al. (2023) in a mining
area of the Ashanti region of Ghana (35,1-49.4 mg/kg). Like Pb, which
is known to be naturally occurring and bioaccumulates in soils (Ogun-
dele et al., 2015), its relatively high CV (0.98) reflects a significant
anthropogenic influence on its overall distribution. The reason Pb exists
in the soil is that of gold extraction activities that took place in parts of
the Ashanti region which very much corresponds with the Wassa Amenfi
traditional area (Amoakwah et al., 2020). Conversely, V and Zn had
average values (74.74 and 31.30 mg/kg) lower than their UCC (135 and
70 mg/kg, respectively) and CV (0.40 and 0.52) respectively, suggesting
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a geogenic influence on their general distribution across the study area.
The PTEs displayed a decreasing trend in the order Ba > Cr >V > Zn >
Cu > Ni > As > Pb > Co which closely mirrors what was reported by
(Rudnick and Gao, 2003) for the upper continental crust (Ba >V > Cr >
Zn > Cu > Co > Pb) except for the Cr vs V and Co vs Pb. This is sug-
gestive of a degree of human interference.

3.2. Correlation matrix

The correlation matrix heatmap (Fig. 2) was generated using Python
3.10 employing a combination of Seaborn and Matplotlib libraries. The
correlation matrix outlines PTEs with significant correlation, moderate
correlation and a third group with very low correlation. The first group
shows a strong correlation of V with Ba(0.70), Cr(0.69), Cu(0.61) and Ni
(0.65). Additionally, Ni and Ba are strongly correlated with Cu(0.67)
and Cu(0.65) respectively. This implies a probable common geogenic
origin or similar environmental control on their distribution in the soil.
These elements are frequently linked with mafic and ultramafic lithol-
ogies, which characterize most of the Birimian terrain. Ferromagnesian
minerals are abundant in mafic rocks, which can weather to give rise to

1: Strong Positive Correlation

021 -0.24

([ 0.15

— 0.5: Moderate Positive Correlation

- 0: No Correlation

— -0.5: Moderate Negative Correlation
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\" Zn

Fig. 2. Correlation heatmap of PTEs in the study area.
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these metals in the soil (Taylor and McLennan, 1985).

Cr and Cu moderately correlates with Ba(0.53) and Cr(0.49)
respectively. Cr is similarly associated with ultramafics and spinel group
minerals. The correlation with Ba and Cu may indicate localized Cr in-
teractions or secondary processes like partial Cr release during weath-
ering and incorporation of Cr into clays or oxides (Oze et al., 2007). The
moderate Cr and Cu relationship might reflect spatial variability in the
mineral distribution or degrees of weathering and mobility of these el-
ements in soil.

The third is comprised of As and Pb, which report low to no corre-
lation with all the other PTEs. The absence of such association suggests
that the elements in the study area are different in origin or that these
elements exhibit different geochemical characteristics. For example, As
is known to be associated with sulfide minerals such as arsenopyrite (e.g.
arkose sandstone), and may have been introduced locally by hydro-
thermal activity or anthropogenically through mining (Smedley and
Kinniburgh 2002a). Pb, however, is commonly bound with galena or
anthropogenic activities such as mining, smelting and vehicular emis-
sions (Alloway, 2013). Isolation of As and Pb from other PTEs reflects a
lack of correlation between As and Pb with the other PTEs, suggesting
that these elements could originate from unique source(s) or have
limited mobility and redistribution in soil under the prevailing soil
conditions.

3.3. Principal component analysis

Principal Component Analysis (PCA) in the study was conducted
using Python 3.10, employing libraries such as Seaborn, Matplotlib, and
Factor Analyzer. Generation of the chord diagram and scree plot also
employed Python 3.10 using the Pycircilize and Matplotlib libraries
respectively. Table 4 shows the results from KMO measure of sampling
adequacy and Bartlett’s test of sphericity. The measure of sampling
adequacy was found to be 0.827 satisfying the necessary condition of >
0.5. The significance value for Bartlett’s test was 0.000 fulfilling the
requirement of (p < 0.001). Table 2 and Fig. 3 show the percentage of
variance explained by each component as well as the contributions made
by each metal. Eigen values were used as the criteria for the selection of
principal components. From Fig. 3 and Table 5, three principal com-
ponents have eigen values above 1, therefore three principal compo-
nents were selected namely PC1, PC2, and PC3.

Contributions on PC1 are indicated by the colour purple, contribu-
tions on PC2 are outlined as lemon green while that of PC3 is yellow on
the chord diagram (Fig. 4). The thickness and direction of the connecting
chords illustrate the strength and nature of the relationship between the
metals and the components. PC1 explains the largest variance (41.000
%; Table 5), Ba, Cr, Cu, Ni, and V are indicated are the most prominent
chords connecting to PC1. PC2 explains about 16.02 % of the variance,
the notable chords connecting to PC2 are from As, and Zn. PC3 explains
about 11.30 % of the variance, visible chord connections are from Co
and Pb.

PC1 further corroborates the association established by the correla-
tion matrix (Fig. 2). These elements likely indicate a mixed source
involving both natural and anthropogenic influences. Mafic to ultra-
mafic rocks rich in Cr, Ni and V are found in the Birimian terrain
(Kazapoe et al., 2021; Amponsah et al., 2021). These can be derived
from the weathering of parent rocks or residual deposits. Further, Cu and
Ba likely originate from mining activities, especially artisanal and
small-scale operations in the Wassa area resulting from ore processing

Table 4
Results for the KMO and Bartlett’s test.

KMO and Bartlett’s test

KMO measure of sampling adequacy 0.827
Bartlett’s test of sphericity Approx. Chi-square 2478.193
Sig 0.000
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and metal leaching (Hilson, 2002a). Mining activities may also intro-
duce V. PC2 suggests a more distinct anthropogenic signature than PC1.
In the Birimian terrain, sulfide minerals (e.g., arsenopyrite) in ore bodies
make As a common by-product of gold extraction (Kazapoe, 2023). Zn
can be introduced by materials of industrial origin or as a trace
contaminant in ores (Adomako et al., 2010). The fact that Zn may have a
lithological source and is clustered in PC2 also indicates an association
between Zn and gold mineralisation. Zn frequently appears as a natural
element in areas with mineralized zones that contain gold. Zn occurs as a
sulfide mineral in sphalerite (ZnS) often associated with other sulfide
minerals such as galena (PbS) and chalcopyrite (CuFeSy), and serves as a
secondary element in polymetallic mineral deposits (William 2013). The
breakdown of sulfide minerals due to weathering alongside oxidation
processes diverts Zn into soil formations. PC3 may imply localized
contamination associated with anthropogenic activities. Pb contamina-
tion is often due to the improper disposal of industrial waste. Addi-
tionally, when leaded materials are used. Cobalt can be naturally present
and also present from mining tools or as a metal processing by product
(Gyasi et al., 2019).

The SOM employed in the study (Fig. 5) was executed using Python
3.10 using the Minisom library, the associated D-Matrix and U-Matrix
component planes were also generated using Python 3.10, employing
the Matplotlib library. The Davies-Bouldin Index (BDI) (Davies and
Bouldin, 1979) is a metric employed in the evaluation of the quality of a
clustering algorithm. It operates by assessing the compactness of clusters
within themselves as well as their separation from each other. A DBI
value closer to 0 suggests high clustering quality and is thus desirable.
Multiple iterations of the clustering algorithm were conducted, with the
iteration producing the lowest DBI score chosen (Xu, 2011). In the end, 4
clusters, a grid dimension of 15 x 15, a learning rate of 0.5, a neigh-
bourhood radius (sigma) 6, and 100,000 iterations were identified as the
best set of parameters at a DBI of 1.5053. The SOM comprises hexagons,
each bearing a number. The numbers aid in the identification of the
samples found within each hexagon, thereby assisting in the identifi-
cation of the exact samples found within each cluster. Fig. 5 shows 4
distinct clusters with Cluster 1 (dark blue) dominating the upper left side
of the SOM. This suggests that samples found within that area have
similar characteristics. Cluster 2 (light blue) mainly occupies the bottom
right side of the SOM, cluster 3 (teal) spans the bottom left side, and
lastly, cluster 4 (light green) occupies the upper right side of the SOM.
The boundaries between clusters suggest a transition between samples
in terms of characteristics.

Fig. 6 shows component planes representing the respective distri-
butions of features across the SOM grid. Darker regions (dark blue)
indicate lower values while brighter regions indicate higher values.
Further observation of Fig. 6 reveals localized high concentrations of
some elements in specific regions. This trend is particularly strongest in
As, Co, Cr, and Pb. The rest of the elements Ba, Cu, Ni, V, and Zn seem to
have multiple high value regions suggesting their prominence in the
region as a whole. Ba, Cr, Cu, Ni, V, and Zn seemingly display over-
lapping high value regions. The suggests that these elements might be
correlated with each other.

Fig. 7 shows a spatial association between clusters 1 and 2. The re-
sults from the correlation matrix, PCA and SOM indicate that while As is
associated with Ba, Cr, Cu, Ni V and Zn, suggesting a shared geogenic
origin, anthropogenic processes partly control the distribution of As.
Although As naturally occurs in the area in association with the sulphide
minerals, the extractive processes of gold, which is closely associated
with the sulphides, are partly responsible for its spatial distribution in
the study area. Fig. 7 corroborates this assertion as known mining lo-
cations such as Kokoase, Kwekukrom, Asante Akyim and Sureso in the
northwest, Merekete Camp in the South and Pensanom in the northeast
of the area plot in cluster 1. Cluster 3 suggests localized contamination
of Pb associated with anthropogenic activities.

The weak association between As and Pb levels, together with other
pollutant elements, points toward human industrial activities as the
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Fig. 4. Chord diagram illustrating how the variables employed in the study
contribute to the 3 major principal components. The outer circular labels
represent the variance explained by the 3 major principal components (PC1,
PC2, PC3), as well as the elements considered in the study (As, Ba, Co, Cr, Cu,
Ni, Pb, V, Zn). Loadings unto the different principal components are repre-
sented by different colours, purple for PC1, lemon green for PC2, and yellow for
PC3. Thicker connections (strings) suggest stronger loadings. The principal
component with the highest variance explained (PC1) lies on top followed by,
PC2 and PC3 respectively. (For interpretation of the references to color in this
figure legend, the reader is referred to the web version of this article.)

source of contamination, which stems from historical and ongoing
mining operations. The geological structure of Ghana’s mining areas,
particularly illegal mining regions, consists of Birimian metasediments
and granitoid intrusions that contain major gold deposits (Kazapoe
et al., 2025). The geographical distribution of PTEs depends on mineral
types found in ore deposits alongside sulfide composition and weath-
ering conditions affecting secondary enrichment (Aryee et al., 2003).
Geological conditions at artisanal mining sites powered by mercury
amalgamation and cyanide leaching processes enable selective As and
Pb removal, thus producing variable contamination levels across
affected areas (Hilson, 2002b; Donkor et al., 2006). The combination of
arsenopyrite (FeAsS) and mercury amalgamation leads to enhanced As
release because of oxidation reactions, while cyanide leaching extracts
Pb from minerals like galena (PbS) and cerussite (PbCO3) under alkaline
conditions (Smedley and Kinniburgh, 2002b).

3.4. Pollution risk indices

The results for geoaccumulation index (Igeo) and single Pollution
Index (PI), are shown in Fig. 8. The results for the Igeo analysis shows
that the exceedance (Igeo > 1) of the PTEs were categorised as As (58.75
%) > Cr (24.31 %) > V (0.6 %) > Cu (0.28 %) > Pb (0.28 %) > Ni (0.14
%) > Zn (0.14 %) > Ba (0 %) > Co (0 %) (Fig. 8). This depicts the spatial
distribution of PTEs in the area to be uneven, with As > Cr showing
significant pollution while V is slighted polluted. The mean Igeo is in the
order As > Cr >V > Cu > Zn > Co > Ni > Pb > Ba. The results show that
As, Cr and Pb are polluted in varying degree.
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The results also show that As recorded values ranging from the
“unpolluted to moderately” class to “highly contaminated”. The ma-
jority of the samples classed As as moderately polluted (31.11 %) and
moderately to highly polluted (22.78 %). 24.17 % of the samples
recorded Cr as moderately polluted. This shows the significant impact of
the gold mining activities on the soil health of the area. These results
differ from results obtained from a mining area in the Amansie West
district of the Ashanti region where As, Pb, Cu and Ni reported Igeo
values > 1 (Baah et al., 2023). Additionally, a majority of samples re-
ported Ba(100 %) > Co0(99.31 %) > Zn(98.89 %) > Pb(97.64 %) > Cu
(92.36 %) and V(58.87 %) as uncontaminated.

The PI analysis showed that 15 % of the samples had low As pollution
while a majority of the samples (76.67 %) cumulatively showed mod-
erate to very strong As pollution. Similarly, 38.89 % of the samples
indicated that the study area has low Cr pollution. Additionally, 33.47 %
and 22.64 % of the samples are classed as moderately and strongly
polluted with Cr. A majority of the samples showed that V(60.69 %) had
low pollution in the area. Similar to the Igeo analysis, the PI showed that
all samples had no significant pollution of Ba. Most of the samples
showed that Zn(91.52 %), Ni(85.28 %), and Cu(71.52 %0 showed that
pollution was absent. The Igeo and PI results further underline the
growing effect of the mining-related activities on the soil quality in the
area.

3.5. Deterministic human health risk assessment

The study assessed carcinogenic and non-carcinogenic health risks
using both deterministic and probabilistic methods. Fig. 9 shows the
distribution of values for the deterministic carcinogenic and non-
carcinogenic health risk assessment for adult and child. In the non-
carcinogenic risk assessment of the PTEs (As, Ba, Co, Cr, Ni, Pb, V,
Zn), all values were found to be < 1 for adult, while values for child were
mostly > 1, particularly beyond the 25th percentile. The adult HI values
from the study area suggest that they were within the safe range since
they showed values < 1 while that of children are out of the safe range of
1, indicating that PTEs within the study area pose some non-
carcinogenic risk on children. For carcinogenic health risk, values for
adults fell with 10~* — 1079, however, values for children mostly fell
within 10~* — 10~® with a small fraction particularly within the 95th
percentile exceeding the threshold. The lowest carcinogenic risk value
for children (5th percentile — 0.0002) exceeds the highest carcinogenic
risk value for adults (95th percentile — >0.00016) indicating higher
risks for children. Though the results of the study indicate that mostly for
both adults and children, the carcinogenic health risk did not exceed the
threshold of 10~* —107° there is still some degree of carcinogenic risk in
the study area. The results also show that there is a higher carcinogenic
risk associated with children than adults.

Fig. 10 outlines the contributions of each PTE for the deterministic
carcinogenic and non-carcinogenic health risk assessment for both adult
and child. The results for non-carcinogenic health risk highlight V, Cr,
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Fig. 6. Component planes for each of the elements employed in the study illustrating their distributions across the SOM.

Co, and As as the most influential PTEs for both adult and child. Con-
tributions from As were the highest followed by Cr, Co and V. Notably,
contributions for child were much higher for all metals when compared
to adult. Results for carcinogenic health risk assessment show less con-
tributions from the PTEs with just Pb, Ni, Cr, and As making contribu-
tions. Cr made the highest contributions for carcinogenic followed by As,
Ni, and Pb, contributions for child were higher than adult for carcino-
genic as well.

Fig. 10 shows the pathway contributions for both carcinogenic and
non-carcinogenic health risk assessment. The results reveal that inges-
tion pathway overwhelmingly contributed to both carcinogenic and
non-carcinogenic health risks. More so in non-carcinogenic than carci-
nogenic, dermal pathway contributed quite little to particularly V.
Inhalation pathway made no contribution. Mirroring results from
Fig. 10, results from Fig. 11 show ingestion pathway contributed most to
As, Cr, Co, and V respectively for non-carcinogenic while for
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carcinogenic, ingestion pathway contributed most to Cr, As, Ni, and Pb
respectively. The small contribution from dermal pathway was towards
V. The results of this study are similar to the findings of Ma et al. (2023)
for soil samples from the Lushui City and that of Cobbina et al. (2013) for
northern Ghana where oral ingestion was the major contributing factor
to non-carcinogenic risk in both adults and children. Again, a study by
Penteado et al. (2021) also suggested three exposure routes which is in
an order of oral ingestion > dermal > inhalation by on results from a
survey of urban park soils on health risk assessment. The HI values for
children are way higher than for adults. This suggests that children are
more prone to PTE pollution than adults within the study area, this
conforms to the study of Wu et al. (2018) and Hu et al. (2020). The
reason why children are more prone can be linked to what was reported
by Chen et al. (2022) that “children tend to suck their fingers and high
respiratory rate”. Study by Huang et al. (2022) suggest that children are
at risk than adults because children are more likely to be exposed to
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Fig. 7. Spatial representation of SOM U Matrix across the study area.

environmental pollutants. Again children (1 to 6) years tend to exhibit
pica behaviour which tends to increase their intake of PTE in soils
(Ghanavati et al., 2019). The study reveals that Cr is the main carcino-
genic causing PTE within the study area and have higher effect on
children than in adults. The results also indicate the need for in-
terventions to help reduce the levels of PTEs that pose carcinogenic risk
in children (Akakuru et al., 2023).

3.6. Probabilistic human health risk assessment

To address some of the challenges associated with deterministic
health risk assessments, a probabilistic human health risk assessment
was also employed. Results from Fig. 12 show that all non-carcinogenic
values for adult are < 1, while that for child are mostly > 1 the exception
being values from the 25th percentile below. For carcinogenic health
risk assessment, all values for adult fall within the threshold of 10~* —
107, values for child mostly meet the threshold as well the exception
being mostly the 95th percentile for child. Notably, values for child are
higher than that of adult.

Comparable to the deterministic method, V, Cr, Co, and As contrib-
uted most to non-carcinogenic health risk assessment. Higher values
were observed for child when compared to adult as well. Fig. 13 how-
ever shows a slight deviation from the results from the deterministic
method. For the probabilistic method, Cr was the most influential metal,
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followed by As, Co, then V. This was not the case for carcinogenic health
risk assessment, which mirrored results from the deterministic method
with Cr contributing highest followed by As, Ni, and Pb. This deviation
could be attributed to the fact that the deterministic method employs a
single estimate for each parameter, in contrast to the probabilistic which
incorporates variability across range of values. This ensures that key
exposure parameters vary across iterations and thus could result in
higher percentiles compared to other metals. This makes the probabi-
listic method better account for uncertainty through the simulation of
different scenarios making its results more realistic compared to the
deterministic method where results serve as a useful baseline.

Besides the small deviation observed between Cr and As for non-
carcinogenic health risk assessment in Fig. 13, the results for pathway
contributions are also similar to that of the deterministic method.
Ingestion pathway dominates the pathway contributions for all the
metals. The small contribution from V observed in Fig. 11 is also
observed in the probabilistic method in Fig. 14. Pathway contributions
for carcinogenic remains the same as the deterministic method.

These results call for the establishment of a governance system that
includes public supervision, media reporting, and public opinions which
can strengthen policy effectiveness. This diverse approach has been
shown to help achieve health risk control objectives by ensuring trans-
parency and accountability in environmental management (Sun et al.,
2024; Sun et al., 2025).
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Fig. 8. Classification of heavy metal contamination levels based on the Geo-accumulation Index (Igeo) and Pollution Index, illustrating the varying degrees of

contamination and pollution intensity for different elements.

4. Conclusion

This study provides a comprehensive assessment of soil contamina-
tion by Potentially Toxic Elements (PTEs) in the Wassa Amenfi area of
Southwestern Ghana, an area significantly impacted by mining activ-
ities. The results indicate that arsenic (As), Cr, and lead (Pb) are the most
critical pollutants, with As being the most prevalent, found in concen-
trations above its geochemical background across all samples. The study
reveals that the presence of these PTEs arises from a combination of
geogenic sources, such as the weathering of mineral-rich rocks, and
anthropogenic activities, particularly related to gold mining. This dual
origin highlights the complex interplay between natural and human-
induced factors in environmental contamination. The findings also
demonstrate that while the hazard index (HI) values for adults remain
within acceptable safety limits, those for children exceed the threshold
of 1, signifying a higher susceptibility to non-carcinogenic health risks in
younger populations. Similarly, probabilistic assessments of carcino-
genic risks show elevated values for both adults and children, with
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children again being more vulnerable. The ingestion pathway is iden-
tified as the predominant route of exposure, underscoring the critical
need to address soil contamination as a key environmental and public
health challenge in the region. Beyond the health implications, the
spatial analysis of PTE distribution underscores the uneven nature of
contamination, with certain hotspots exhibiting significantly higher
levels of pollution. The study highlights the importance of integrating
geostatistical tools and advanced risk assessment methodologies, such as
Monte Carlo simulations, to generate precise and actionable insights for
environmental management. This research underscores the urgent need
for targeted interventions to mitigate the adverse effects of mining ac-
tivities on both the environment and human health. Addressing these
challenges will require a multi-pronged approach, involving stricter
regulatory enforcement, community engagement, and the adoption of
innovative soil remediation strategies. Such efforts are essential to
safeguarding the health of vulnerable populations and ensuring sus-
tainable development in mining-affected communities. Based on these
findings it is recommended that there is the need to:
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Fig. 9. Deterministic distributions of Combined Hazard Index (HI) and Combined Cancer Risk (CR) for adults and children.
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pathways to the Cancer Risk (CR).

Environmental monitoring units should be decentralized while
blockchain-based gold tracking should be implemented with pro-
gressive fine systems and environmental insurance and polluter-pays
principles to maintain mining company accountability.

The existing environmental regulations must be updated to establish
clear limits for Pb waste disposal practices. Mining organizations
must implement best practices in hazardous waste management to
treat Pb-containing waste properly before disposal because this
minimizes contamination risks.

Educate community members in PTE risk management in educa-
tional institutions while establishing community-run monitoring
networks and launching awareness projects to lower exposure
incidents.

A program of yearly biomonitoring should be established to study
heavy metals in addition to deploying mobile health services in
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mining communities and building regional toxicology centers for
complex medical treatments.

e The implementation of mercury-free methods such as phytomining,
bioleaching and gravity separation should be supported along with
providing tax benefits and training small-scale miners about eco-
friendly extraction techniques for gold.

o The implementation of nano-adsorbent filtration for water sources
combined with bioremediation techniques using microbes for soil
detoxification and constructed engineered wetlands for heavy metal
water contamination should be deployed.

e A combination of agroforestry land restoration and small-scale eco-
mining cooperatives and training in organic farming, aquaculture
and eco-tourism will decrease illegal mining dependency.
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