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ARTICLE INFO ABSTRACT
Keywords: The Junin Lake basin, a critical high-altitude ecosystem in the central Peruvian Andes, faces severe contami-
Heavy metals nation from potentially toxic elements (PTEs) driven by mining activities, agriculture, and urbanization. This

Ecological risk assessment
Human health risk
Remote sensing

study evaluates the spatial distribution, ecological risk, and human health implications of 14 heavy metals,
metalloids, and trace elements in surface soils surrounding the lake. Using 211 soil samples, we integrated
Machine learning remote sensing, land cover classification, and Random Forest machine learning models with spectral, edaphic,
Soil contamination topographic, and proximity-based environmental covariates to predict contamination patterns and assess risk.
Andean wetlands Results reveal extreme contamination, with arsenic (As), lead (Pb), cadmium (Cd), and zinc (Zn) concentrations
exceeding ecological thresholds by over 100-fold in agricultural zones. Ecological risk assessments using
contamination degree (mCD), pollution load index (PLI), and risk index (RI) indicated that over 99 % of the study
area exhibits very high to ultra-high contamination levels. Human health risk analysis identified unacceptable
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carcinogenic risks from As, Pb, and Cr across adult and pediatric populations, with arsenic presenting the greatest
concern. The integration of geospatial tools and machine learning enabled precise identification of contamina-
tion hotspots and vulnerable land cover types, demonstrating the value of AI approaches for monitoring
contaminated territories. These findings underscore the urgent need for coordinated environmental manage-
ment, targeted remediation strategies, and community-based monitoring to protect public health and preserve

Andean ecosystem integrity.

1. Introduction

Soil plays a fundamental role in ecosystem stability and global food
security (Tiabou et al., 2024). However, increasing levels of contami-
nation by various inorganic elements have generated growing environ-
mental and health concerns. Among these contaminants, a group
classified as potentially toxic elements (PTEs) stands out, which includes
certain heavy metals, metalloids, and trace elements, characterized by
their toxicity, persistence, and capacity for bioaccumulation in terres-
trial and aquatic ecosystems (Hu et al., 2024). These elements can have a
natural origin, such as weathering or geogenic processes, or come from
anthropogenic activities, with mining being one of the most relevant
sources, especially in high mountain regions under strong extractive
pressure (Fu et al., 2025; Kong et al., 2025; Ullah et al., 2025).

The classification of PTEs according to their chemical nature and
environmental behavior is fundamental to understanding the risks they
represent. These are commonly grouped into heavy metals (such as Cd,
Co, Cr, Cu, Hg, Ni, Pb, and Zn), metalloids (such as As and Sb), and trace
elements (such as Fe, Mn, Mo, and V) (Hui et al., 2025; Lima et al., 2025;
Tanwar et al., 2025). Each group presents distinct differences in terms of
mobility, persistence, toxicity, and origin. While heavy metals and
metalloids are often strongly linked to anthropogenic activities such as
mining and are characterized by their high toxicity, trace elements,
although essential in small quantities, become harmful when their
concentrations exceed certain thresholds. Recognizing these distinctions
is crucial for properly guiding environmental and health risk assess-
ments, as well as developing effective monitoring and management
strategies.

Elements such as As, Cd, Pb, Cu, and Zn have been extensively
documented as hazardous when exceeding permissible limits, as they
can cause damage to vital organs, neurological alterations, and increase
the risk of chronic diseases, including various types of cancer
(Mohammadi et al., 2023; Safadoust et al., 2025; Zhang et al., 2025).
Beyond compromising ecological integrity, these contaminants affect
agricultural and livestock productivity by interfering with plant meta-
bolism, reducing crop yield and quality, and accumulating in the food
chain (Vasilachi et al., 2023). This situation represents a direct threat to
rural communities whose economies largely depend on agricultural and
pastoral activities (Guo et al., 2020; Spater et al., 2024).

Understanding the spatial distribution of PTEs in soil is essential for
mitigating their impacts. However, this is complicated by high soil
heterogeneity and the irregular distribution of contamination sources
(Guo et al., 2020; Vasudhevan et al., 2025). In response to these chal-
lenges, innovative approaches based on digital soil mapping, geo-
statistics, and machine learning (ML) have been developed, which have
significantly improved the accuracy of contaminant concentration pre-
dictions (Yang and Jia, 2024).

Among ML algorithms, the Random Forest (RF) model has proven
particularly effective for this type of analysis. Its predictive capacity is
substantially enhanced when combined with multispectral remote
sensing data, geochemical analyses, and environmental variables.
Spectral indices such as the Normalized Difference Water Index (NDWI),
Normalized Burn Ratio (NBR), and Soil-Adjusted Vegetation Index
(SAVI) (Guo et al., 2024; Tan et al., 2020), along with topographic
variables, land use classifications, and soil physicochemical properties,
provide highly relevant predictive information. This multidisciplinary
integration enables more robust and reliable estimates, which are

further strengthened by sophisticated land cover segmentation tech-
niques that distinguish areas with different levels of exposure and
response to contamination (Ma et al., 2025; Salgado et al., 2023; Sun
et al., 2024).

The ecological environment, serving as an essential foundation for
life and human development, is increasingly threatened by the accu-
mulation of potentially toxic elements, whose presence can severely
disrupt ecosystem functionality (Li et al., 2025a). To assess the ecolog-
ical risk posed by these contaminants, standardized indices such as the
ecological risk index (Er) and the potential ecological risk index (PERI)
are commonly employed, complemented by diagnostic parameters
including the contamination factor (CF), enrichment factor (EF), geo-
accumulation index (Igeo), and pollution load index (PLI). These in-
dicators enable comprehensive estimation of both the intensity and
spatial extent of environmental degradation caused by PTEs, providing a
quantitative foundation for evidence-based environmental management
and risk mitigation strategies (Duman et al., 2025; Hakanson, 1980;
Siddig et al., 2025a).

Regarding carcinogenic and non-carcinogenic health risks, human
exposure to PTEs through multiple pathways including ingestion,
inhalation, and dermal contact represents a critical public health
concern, particularly in relation to elements such as Pb, As, and Cd
(Ahmad et al., 2025; Khoshakhlagh et al., 2024). For comprehensive
health risk evaluation, standardized metrics such as the non-
carcinogenic risk index (HI) and carcinogenic risk (CR) are applied,
following the guidelines established by the United States Environmental
Protection Agency (US-EPA) (Shen et al., 2021).

Peru experiences the environmental challenges common to mining-
intensive developing countries, where extractive industries offer sig-
nificant economic benefits but also pose substantial ecological risks. As
the world's second-largest producer of copper, silver, and zinc, Peru has
experienced widespread environmental degradation in its high Andean
regions, particularly in areas composed of rangelands and croplands
(Caicedo-Rivas et al., 2023; Cruzado-Tafur et al., 2021).

One of the most striking examples of mining-related impacts is
observed in the San Juan River basin. The construction of the Upamayo
Dam in 1932 fundamentally altered the regional hydrology by diverting
contaminated waters from the San Juan River, which originally flowed
into the Mantaro River, directly into Lake Junin. This anthropogenic
intervention has been especially harmful during the dry season, when
lake levels typically decrease by approximately 2 m, leading to the
concentration of contaminant loads (Rodbell et al., 2014).

The San Juan River is the primary inflow to Lake Junin, with an
average annual flow of 286.03 million m® and recorded extremes
ranging from 114.7 to 1.01 m*/%. It transports elevated concentrations of
heavy metals resulting from intensive mining activities, including dis-
charges from the AUREX gold mine, abandoned tailings deposits, and
untreated wastewater (Custodio et al., 2019). As a result, Lake Junin has
become a depository of mining-derived pollutants. This situation has
seriously affected aquatic biodiversity and degraded water quality to the
point where it is unsuitable for irrigation and other productive uses (Guo
et al., 2020; Hoang et al., 2025; Moreno-Aguirre et al., 2024).

For decades, Lake Junin has been exposed to pollution from multiple
sources, generating growing concern over its ecological integrity and the
safety of its water resources (del Sante et al., 2025). Given the lake's
critical role in supporting surrounding rangeland and cropland systems,
a comprehensive assessment of contamination is urgently needed from
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both environmental and public health perspectives.

Addressing this critical environmental challenge, the present study
aims to conduct a comprehensive assessment of the ecological and
carcinogenic risks associated with the presence of PTEs in rangelands
and croplands surrounding the Junin Lake. This research integrates
cutting-edge methodological approaches, including remote sensing
technologies, advanced ML algorithms (specifically RF), and sophisti-
cated land cover segmentation techniques, to achieve multiple objec-
tives: identify areas of greatest environmental vulnerability, accurately
estimate the spatial distribution of soil contaminants across different
land use types, and quantify their potential impacts on both human
health and ecosystem integrity. This integrated methodological frame-
work represents a significant advancement in environmental risk
assessment for high-altitude mining-impacted regions, providing a
robust technical foundation for evidence-based environmental man-
agement, policy development, and informed decision-making. The re-
sults will contribute to the broader understanding of PTE contamination
patterns in Andean highland agricultural systems and support the
development of targeted remediation and risk mitigation strategies for
similar environments globally.

2. Materials and methods
2.1. Study area

Junin Lake (Chinchaycocha), situated in the central Peruvian Andes
at 4100 m above sea level (11°01'12"S, 76°06'27"W), represents Peru's

second-largest lacustrine system with a surface area of 529 km? and
maximum depth of 12 m (Cusiche and Miranda, 2019; Cusiche Pérez,
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2017). As the headwater source of the Mantaro River, a principal trib-
utary within the Amazon basin, this high-altitude lake system plays a
crucial hydrological role in regional water resources. The lake is
encompassed within Junin National Park and embedded within char-
acteristic puna ecosystems, including extensive high-altitude grasslands,
wetland complexes, and peat bog formations that are endemic to An-
dean highland environments (Fig. 1).

Despite its ecological significance and protected status, Junin Lake
faces severe anthropogenic pressures that threaten its ecosystem integ-
rity. Mining activities within the watershed have emerged as the pri-
mary degradation driver, introducing heavy metal contamination that
compromises water quality, soil chemistry, and the stability of associ-
ated terrestrial and aquatic ecosystems (Martin et al., 2001). This
environmental degradation represents a critical conservation challenge
for one of Peru's most important high-altitude aquatic ecosystems,
necessitating urgent assessment and management intervention to pre-
serve its ecological functions and biodiversity.

2.2. Sampling design, collection and analytical procedures

Sampling points were established using a systematic radial grid with
2-km intervals around Junin Lake, following the methodological
framework outlined by FAO (2000) for contaminated soil assessment. A
total of 211 soil samples were collected and uniformly distributed across
the study area to ensure representative spatial coverage. Each sampling
point consisted of a composite sample comprising five subsamples: one
collected at the central coordinates and four additional subsamples
collected at the vertices of a 5-m x 5-m square centered on the sampling
point. This composite sampling design was implemented to capture
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Fig. 1. Location map of soil sampling sites around Lake Junin.
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small-scale spatial variability while maintaining statistical representa-
tiveness. All samples were collected from the 0-30 cm depth interval,
representing the surface soil horizon where contaminant accumulation
is typically highest and interactions with anthropogenic activities are
most pronounced FAO (2000).

The determination of PTEs was conducted at the Soil, Water and
Foliar Analysis Laboratory (LABSAF), Santa Ana, National Institute for
Agricultural Innovation (INIA). Soil samples underwent acid digestion
following EPA Method 3050B (EPA Method 3050B, 1996) and were
subsequently analyzed using inductively coupled plasma optical emis-
sion spectrometry (ICP-OES) in accordance with EPA Method 6010D
(EPA Method 6010D, 2018). This analytical approach enabled the
quantification of 14 PTEs: arsenic (As), cadmium (Cd), cobalt (Co),
chromium (Cr), copper (Cu), iron (Fe), manganese (Mn), mercury (Hg),
molybdenum (Mo), nickel (Ni), lead (Pb), antimony (Sb), vanadium (V),
and zinc (Zn). Quality assurance and quality control procedures
included the analysis of certified reference materials, method blanks,
and duplicate samples to ensure analytical precision and accuracy.

2.3. Covariate analysis

Six groups of environmental covariates were selected as predictors
for the RF model to estimate spatial metal distribution (Table 1). These
covariates encompass spectral variables derived from Sentinel-2 reflec-
tance bands (blue, red, NIR) that capture surface reflectance variations
indicative of soil and vegetation changes. Spectral indices include the
Normalized Difference Vegetation Index (NDVI), Enhanced Vegetation
Index (EVI), and Modified Soil-Adjusted Vegetation Index (MSAVI)
quantify vegetation vigor, moisture content, and physiological stress
conditions. Climatic and hydrological variables (precipitation, temper-
ature, potential evapotranspiration, flood occurrence) influence soil
moisture dynamics and facilitate contaminant transport processes.

Table 1
Environmental covariates used in RF modeling.
Group Covariates Description
Spectral blue, green, red, red_edge_1, Sentinel-2 multispectral
red_edge_2, red_edge_3, reflectance bands. Detect surface
red_edge_4, nir, swirl, swir2 reflectance changes in soil and
vegetation indicating physical or
chemical alterations (Wang et al.,
2024).
Spectral NDVI, NBR, NDWI, MSAVI, Vegetation and soil condition
indices EVI, SVVI, BRIGHT, GREEN, indices derived from band
WET combinations. Quantify
vegetation vigor, moisture
content, canopy structure, and
stress conditions commonly used
in soil quality assessments (
Moura-Bueno et al., 2021).
Climatic & precipitac, t_min, t_max, pte,  Climate and hydrology variables
hydrological Flood controlling soil moisture
dynamics and contaminant
transport mechanisms (Moura-
Bueno et al., 2021).
Topographic Elevation, Slope, Aspect, Terrain morphology parameters

Soil properties

Distance
factors

Hillshade, Northness,
Eastness, Horizontal,
VerticalCu, MeanCurvat,
GaussianCu

clay, sand, silt, SOC, CEC,
bdod, nitrogen, pH

D_rivers, D_Mroads,
D_mroads, D_ferrc, D_lag

affecting runoff, erosion
processes, and metal
accumulation patterns (Agyeman
et al., 2022).

Physicochemical soil
characteristics controlling metal
retention, mobility, and
biogeochemical interactions (
Kasraei et al., 2024).

Euclidean distances to
anthropogenic and natural
features representing
contamination pressure and
dispersal pathways (Paes et al.,
2022).
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Topographic features such as elevation, slope, and curvature parameters
control surface runoff patterns and metal accumulation zones. Soil
physicochemical properties including clay content, soil organic carbon
(SOCQ), and pH regulate metal retention capacity and mobility within the
soil matrix. Distance factors representing proximity to rivers, roads, and
lakes serve as proxies for potential contamination sources and dispersal
pathways.

2.4. Machine learning model

Random Forest (RF), a supervised ensemble learning algorithm, was
employed for predicting heavy metal concentrations due to its capacity
to model complex nonlinear relationships and handle high-dimensional
datasets. The RF algorithm constructs multiple decision trees using
bootstrap aggregating (bagging) from random subsets of training data
and predictor variables, subsequently combining their predictions
through majority voting for classification or averaging for regression
tasks. This approach enhances prediction accuracy while reducing
overfitting and providing robust variable importance rankings (Kasraei
et al., 2024).

The RF model utilized the comprehensive covariate dataset including
spectral bands, soil physicochemical properties, topographic parame-
ters, climatic variables, and proximity indices to predict spatial heavy
metal distributions. Beyond generating high-precision contamination
maps, the algorithm quantified the relative importance of each predictor
variable using mean decrease in impurity metrics, facilitating interpre-
tation of contamination drivers and informing targeted remediation
strategies (Paes et al., 2022).

2.5. Vegetation cover classification

Vegetation cover maps were generated through supervised classifi-
cation of multitemporal multispectral imagery using the Google Earth
Engine (GEE) cloud computing platform (Gorelick et al., 2017). The
analysis incorporated Sentinel-2 surface reflectance imagery collected
from June to August over the past five years, with cloud-free imagery
selected and temporally reduced using median compositing to minimize
atmospheric interference and seasonal variations.

Training and validation data consisted of 9000 randomly selected
pixel samples (1000 per vegetation class), with 80 % derived from field
observations and 20 % from visual interpretation of high-resolution
Google Earth imagery, supplemented by reference data from the 2015
National Vegetation Map (Ministerio del Ambiente, 2015) and the
classification map developed by Cano et al. (2023). The dataset was
partitioned into training (70 %) and validation (30 %) subsets using
stratified random sampling to ensure statistical independence and
representative class distribution.

Supervised RF classification was implemented incorporating both
spectral characteristics of high Andean vegetation communities and
topographic variables derived from the Advanced Land Observing Sat-
ellite Phased Array L-band Synthetic Aperture Radar (ALOS PALSAR)
digital elevation model. Key topographic parameters included elevation,
slope, and aspect, which significantly influence vegetation distribution
patterns in mountainous terrain. The classification process generated
vegetation maps at 10-m spatial resolution, following methodological
approaches established by Pizarro et al. (2022).

2.6. Ecological and carcinogenic risk assessment

This study conducted an integrated assessment of ecological and
carcinogenic risks associated with heavy metal contamination in agri-
cultural and grazing soils surrounding Junin Lake. The ecological risk
assessment evaluated contamination effects on ecosystem integrity and
associated ecosystem services through exposure estimation and hazard
characterization of environmental chemical substances (Gan et al.,
2022; Yang et al., 2024).
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2.6.1. Ecological risk assessment methodology

Average concentrations of the upper continental crust (Taylor and
Meclennan, 1995) served as reference values, with iron (Fe) as the
baseline element for enrichment factor (EF) calculations. Additional
geochemical indices were computed to determine environmental alter-
ation levels caused by PTEs: the contamination factor (CF) and geo-
accumulation index (Igeo) (Hakanson, 1980; Li et al.,, 2025a). The
pollution load index (PLI) was calculated to summarize overall multi-
element contamination levels, while the mean contamination degree
(mCD) quantified individual element contributions to total ecological
risk (Reimann and De Caritat, 2005; Tomlinson et al., 1980; Victoria
et al., 2014). These indicators were integrated to estimate the ecological
risk index (RI), enabling classification of study areas by ecological risk
level. Detailed calculation formulae are provided in Table S1.

2.6.2. Human health risk assessment

Human health risk estimation employed USEPA-recommended
formulae to calculate chronic daily dose (CDD) through three expo-
sure pathways: ingestion, inhalation, and dermal contact (Egs. 1-3).
Parameters included metal concentration (CM), ingestion rate (IR),
inhalation rate (IHR), dermal contact area (SA), average body weight
(ABW), exposure duration and frequency (ED, EF), among others (Cui
et al., 2023). Non-carcinogenic risks were quantified using the hazard
index (HI) (Eq. 4), while carcinogenic risks (CR) for each pathway were
estimated using slope factors (SF) and inhalation unit risk (IUR) values.
Total carcinogenic risk (TCR) was calculated as the sum of individual
pathway risks from ingestion, inhalation, and dermal absorption (Eq. 5).

2.6.3. Spatial risk analysis

Results were integrated with remote sensing data, ML algorithms,
and land cover segmentation techniques to generate comprehensive
spatial risk maps. These maps facilitate identification of critical
contamination zones and provide guidance for targeted environmental
and health remediation strategies (Li et al., 2025c; Lovynska et al.,
2024).

CM x IR x ED x EF

aswxaer Y M

CDD, ingestion —

CM x IHR x ED x EF
CDDinhatacion = ABW x AET x PEF @

CM><SA><SAF><DAF><ED><EF><

CDDdemlal = ABW x AET Cf (3)
HI = ZHQl'nd/inh/der 4
TCR = Z CRinginh/der %)

Egs. (1)-(3) estimate the chronic daily dose (CDD, mg/kg-day) via
ingestion, inhalation, and dermal contact, which are considered by the
EPA (1996) and US-EPA (2004) as the main exposure pathways to soil
contaminants. The parameters used include: CM (metal concentration in
soil, mg/kg), IR (soil ingestion rate, mg/day), IHR (inhalation rate, m®/
day), SA (exposed skin area, cmz), SAF (soil adherence factor, mg/cmz),
DAF (dermal absorption factor), ED (exposure duration, years), EF
(exposure frequency, days/year), ABW (average body weight, kg), AET
(average exposure time, days), Cf (conversion factor, 10~® kg/mg), and
PEF (particle emission factor, m3/kg). These pathways are particularly
relevant in agricultural and inhabited areas such as the surroundings of
Lake Junin, where people are frequently in contact with soil. Uninten-
tional soil ingestion is more common among children, while inhalation
of dust and dermal contact mainly affect adults under chronic exposure
conditions (Hongxing Zhang et al., 2019). The specific values used for
each age group are detailed in Supplementary Table S7.
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2.7. Statistical analysis

All statistical analyses and predictive modeling were conducted
using R software (version 4.1.2; R Core Team, 2021). Prior to analysis,
data preprocessing included outlier detection and removal, normality
assessment, and variable selection using the tidyverse (Wickham et al.,
2019) and caret packages (Kuhn, 2008).

Descriptive statistics (mean, standard deviation, variance, minimum,
and maximum values) were computed using base R functions and the
dplyr package (Wickham et al., 2019). Pearson product-moment corre-
lation coefficients were calculated to assess linear relationships between
variables, with correlation matrices visualized using the corrplot pack-
age (Wei and Simko, 2010). Principal component analysis (PCA) was
performed using the FactoMineR package (Le et al., 2008) to identify
underlying data structure and reduce dimensionality.

For prediction of PTEs, RF regression models were implemented
using the randomForest package (Liaw and Wiener, 2002). Model per-
formance was evaluated using k-fold cross-validation (k = 10) with
metrics including root mean square error (RMSE), mean absolute error
(MAE), and coefficient of determination (R?). Variable importance was
assessed using the mean decrease in accuracy and Gini impurity
measures.

Geospatial deployment and visualization of predictive models were
conducted on the GEE platform (Gorelick et al., 2017), enabling large-
scale spatial analysis and mapping of PTE distributions.

3. Results
3.1. Descriptive statistics of PTEs

The statistical analysis of PTEs revealed substantial variability in
concentrations across the study area (Table 2), with highly skewed
distributions indicating localized contamination hotspots. Several heavy
metals exhibited severe contamination, significantly exceeding estab-
lished sediment quality guidelines. Lead reached maximum concentra-
tions of 15,767.65 mg/kg, exceeding the Probable Effect Level (PEL:
112.0 mg/kg) by 141-fold. Similarly, zinc (max: 30,576.88 mg/kg),
copper (max: 7694.61 mg/kg), and mercury (max: 1661.89 mg/kg)
substantially surpassed their respective PEL values by factors of >100,
71, and 2374, respectively.

Arsenic demonstrated considerable contamination potential with
maximum concentrations of 4224.61 mg/kg, exceeding the PEL (41.6
mg/kg) by approximately 100-fold. Antimony concentrations varied
widely (max: 769.27 mg/kg), though established guidelines are un-
available. Trace elements including iron (max: 228,937.50 mg/kg),
manganese, molybdenum, and vanadium showed elevated concentra-
tions reflecting both natural geological processes and anthropogenic
influences.

The substantial exceedances of ecological benchmarks (TEL and PEL)
for multiple elements indicate significant contamination that may pose
ecological risks to benthic organisms and associated food webs (Ettler,
2016; Nawrot et al., 2021).

3.2. Vegetation cover classification

Fig. 2 presents the land cover classification for the lands around
Junin Lake, derived through RF algorithm analysis. Nine distinct land
cover classes were identified: wetlands, emergent vegetation (predom-
inantly cattail and bulrush), high-density grasslands, low-density
grasslands, gelifluction-affected areas, agricultural lands, urban areas,
and the lake water body. The corresponding area distribution analysis
reveals that wetlands and water bodies constitute the dominant land
cover types within the study region. This classification framework pro-
vides the spatial foundation for subsequent analysis of land cover in-
fluences on the distribution patterns and environmental fate of PTEs
throughout the watershed.
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Table 2
Descriptive statistics of PTEs.
Category Element Mean SD Max TEL (mg/kg) PEL (mg/kg)
Heavy metals cd 3.09 9.94 97.27 0.676 4.21
Cr 20.87 28.50 297.47 52.3 160.0
Cu 234.47 816.25 7694.61 18.7 108.0
Hg 13.92 120.04 1661.89 0.13 0.70
Ni 17.79 29.31 313.77 15.9 42.8
Pb 553.49 1753.12 15,767.65 30.2 112.0
Zn 1360.51 4855.03 30,576.88 124.0 271.0
Metalloids As 288.07 506.69 4224.61 7.24 41.6
Sb 16.98 57.86 769.27 - -
Trace elements Fe 17,511.52 28,114.95 228,937.50 - -
Mn 1278.49 1636.13 12,258.18 - -
Mo 1.33 1.19 7.10 - -
\4 84.58 64.13 329.12 - -

Note: All concentrations are expressed in mg/kg dry weight. TEL = threshold effect level; PEL = probable effect level. Standard deviations (SD) indicate high variability
in elemental distributions across sampling locations.
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Fig. 2. Land cover classification of lands around Junin Lake derived from RF classification algorithm.

3.3. PCA of vegetation cover and PTEs physicochemical properties (pH, clay content, organic matter content,
and cation exchange capacity). The ordination analysis reveals that

Fig. 3a illustrates the multivariate relationships between vegetation bulrushes, wet grasslands, and wetland communities form distinct
cover types surrounding Junin Lake and key environmental variables, clusters, suggesting their association with environmentally stable con-
including elevation, aspect, terrain shading, spectral indices, and soil ditions characterized by minimal anthropogenic disturbance.
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Fig. 3. Principal component analysis (PCA) applied to vegetation cover around Junin Lake. (a) Relationship between vegetation cover, environmental variables, and

soil properties; (b) association between vegetation cover and PTEs.

Conversely, agricultural areas and tallgrass vegetation are associated
with specific soil and topographic conditions that correspond to zones
with elevated potential for accumulation of PTEs, including arsenic (As),
cadmium (Cd), and lead (Pb). These land cover types may possess
limited capacity for heavy metal attenuation.

Fig. 3b demonstrates strong positive associations between PTE con-
centrations and both agricultural areas and cattail (Typha spp.) vege-
tation, particularly for As, Cd, and Pb, indicating elevated contaminant
accumulation in these zones. In contrast, bulrush communities and other
wetland vegetation types exhibit weak or non-significant associations
with the analyzed heavy metals, suggesting either lower contaminant
loading or enhanced natural sequestration capacity. This spatial differ-
entiation enables the identification of vegetation communities that serve
as either sensitive indicators or accumulators of environmental
contamination. These findings provide critical baseline information for
developing targeted environmental monitoring protocols, remediation
strategies, and adaptive management approaches within the Junin Lake
watershed.

3.4. Correlation between variables

Fig. 4 presents a correlation matrix of pairwise Pearson correlation
coefficients among predictor variables used to model PTEs spatial dis-
tribution in soils surrounding Junin Lake. The matrix includes spectral,
topographic, edaphic, and anthropogenic proximity variables, using a
diverging color scale (blue: positive, red: negative, white: null correla-
tions) with statistically non-significant correlations (p > 0.05) marked
by black “x”.

The correlation structure reveals distinct clustering patterns. Spec-
tral variables (green, red_edge 2, NDWI, NBR, precipitation) show
moderate to strong positive correlations due to shared sensitivity to
vegetation and moisture gradients. Topographic variables (Elevation,
Aspect, Hillshade, Northness, Eastness) exhibit weak to moderate cor-
relations, notably between Hillshade and Northness reflecting solar
incidence patterns. Edaphic variables demonstrate strong in-
tercorrelations, particularly SOC-CEC and clay-CEC relationships,
consistent with soil texture-nutrient retention dependencies.
Conversely, anthropogenic distance variables (D_rivers, D_Mroads,
D_ferrc) show weak correlations with environmental variables, indi-
cating independent spatial processes. This pattern confirms that selected
variables provide balanced thematic relevance and data diversity,
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Fig. 4. Correlation matrix.

enhancing model predictive performance.

3.5. Model performance

Fig. 5 shows the performance of RF models used to estimate the
concentrations of 14 heavy metals in soils, including As, Cd, Co, Cr, Cu,
Fe, Hg, Mn, Mo, Ni, Pb, Sb, V, and Zn. The parallel coordinate plots
illustrate the variation in model performance across different hyper-
parameter combinations, assessed through R2, RMSE, MAE, and RPD
metrics.

All elements demonstrated strong predictive performance with R? >
0.95 and RPD > 2.5. Copper, nickel, and zinc achieved exceptional ac-
curacy R? > 0.97; RPD > 4.0), while lead and chromium showed
greater error variability but remained robust. Metalloids performed
favorably: arsenic achieved high accuracy (R? = 0.969; RPD = 4.27)
despite spatial variability, and antimony maintained acceptable per-
formance (R2 =0.939; RPD = 2.97). Trace elements exhibited excellent
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Fig. 5. Predictive performance of the RF model for heavy metals based on hyperparameter tuning and evaluation metrics (R%, RMSE, MAE, and RPD).

characteristics: vanadium and manganese achieved outstanding accu-
racy (RPD > 5.0; R% > 0.97), molybdenum showed notable precision (R2
= 0.973; MAE ~ 0.17) despite low concentrations, and iron maintained
satisfactory performance (R?> = 0.941; RPD = 3.87) despite natural
variability.

3.6. Distribution of PTEs in relation to vegetation cover types around
Junin Lake

Fig. 6 shows spatial distribution maps and kernel density estimates of
14 heavy metals, transition elements, and trace elements in surface soils

surrounding Junin Lake, stratified by vegetation cover types (wetland,
cattail, bulrush, tallgrass, shortgrass, and agricultural lands).

Spatial patterns reveal distinct enrichment zones with hotspots
concentrated in northern and eastern sectors, particularly for Hg, Pb, Zn,
Cu, and Fe, reflecting anthropogenic influences from agriculture, runoff,
or legacy contamination. Agricultural lands consistently exhibit the
highest metal concentrations and broadest distributions, especially for
Cd, Zn, Cu, and Pb, suggesting inputs from fertilizers and agrochemicals.
In contrast, natural vegetation covers (wetlands, cattails, moist pastures)
display significantly lower concentrations and narrower distributions,
indicating important buffering functions.
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Fig. 6. Spatial distribution of heavy metals, metalloids, and trace elements in relation to vegetation cover types around Junin Lake.
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Among heavy metals, Cd, Cu, Pb, and Zn exceed PEL reference values
at multiple locations, with agricultural soils showing frequent exceed-
ances. Mercury and nickel exhibit localized patterns, while chromium
shows broader, homogeneous distribution below critical thresholds.
Arsenic presents concerning patterns, reaching high concentrations in
agricultural areas and exceeding TEL and PEL guidelines. Several ele-
ments (Cd, Hg, Mo) exhibit log-normal distributions with extreme values
potentially exceeding ecological thresholds.

Trace elements Fe and Mn show widespread distributions reflecting
lithogenic sources and sediment dynamics, while Mo and V concentrate
primarily in agricultural and transitional zones. This spatially explicit
assessment demonstrates that vegetation cover plays a fundamental role
in controlling PTE distribution, supporting targeted monitoring in
agricultural areas and conservation of natural vegetation systems for
metal sequestration and watershed protection.

3.7. Ecological risk distribution

Fig. 7 presents the spatial distribution of three contamination
assessment metrics mean contamination degree (mCD), pollution load
index (PLI), and ecological risk index (RI) across the 74,940.6-ha study
area surrounding Junin Lake. The mCD analysis reveals extensive
contamination throughout the basin, with the most severe conditions
concentrated in the central and southern sectors. The contamination
classification shows 41.6 % of the area (31,188.6 ha) under extremely
high contamination, 35.2 % (26,379.9 ha) under ultra-high contami-
nation, and 22.7 % (17,021.4 ha) under very high contamination. Areas
exhibiting moderate to low contamination levels occupy less than 1 % of
the total area (349.5 ha), indicating the pervasive nature of environ-
mental degradation.

The spatial distribution patterns of PLI and RI demonstrate strong
concordance with mCD results. The PLI analysis indicates that nearly the
entire study region exceeds established environmental quality thresh-
olds, reflecting widespread and persistent anthropogenic contamina-
tion. Similarly, the RI assessment classifies most of the study area under
very high ecological risk categories, indicating significant threats to
ecosystem integrity from elevated concentrations of PTEs.

These findings reveal a critical environmental situation character-
ized by extensive contamination and elevated ecological vulnerability
across the Junin Lake watershed. The spatial homogeneity of high

,
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contamination levels across multiple assessment indices underscores the
severity and regional extent of environmental degradation. The results
necessitate immediate implementation of comprehensive environmental
management strategies, including contamination source control, reme-
diation protocols, and ecosystem restoration measures to mitigate
ongoing ecological risks and protect both environmental and human
health.

3.8. Spatial distribution of non-carcinogenic (HI) and carcinogenic (TCR)
risk in adults and children

Fig. 8 illustrates the spatial distribution of non-carcinogenic health
risks (hazard index, HI) for seven PTEs in the Junin Lake watershed,
with separate assessments for adult and pediatric populations. Risk
levels were categorized as either no significant risk (HI < 1) or possible
chronic adverse effects (HI > 1).

The spatial analysis revealed pronounced age-dependent risk pat-
terns. In the adult population, arsenic emerged as the predominant
health concern, with 85.28 % of the study area exceeding the non-
carcinogenic threshold (HI > 1). Lead and mercury also demonstrated
substantial risk coverage, affecting 30.50 % and 24.37 % of the assessed
area, respectively. In contrast, cadmium, chromium, cobalt, and nickel
exhibited minimal health risks, with over 99 % of the study area
maintaining HI values below the threshold for chronic adverse effects.

Pediatric populations demonstrated considerably lower overall risk
exposure. Arsenic remained the primary contaminant of concern,
though its risk coverage was substantially reduced to 33.26 % of the
study area. Mercury posed elevated risk across 10.75 % of the region,
while the remaining elements (Cd, Cr, Co, Ni, and Pb) showed negligible
risk potential, with nearly the entire study area falling within acceptable
exposure limits.

These findings underscore significant age-related vulnerability dif-
ferences in chronic exposure scenarios, with adult populations experi-
encing disproportionately higher health risks, particularly from arsenic,
lead, and mercury contamination. The reduced risk profile in children
may reflect different exposure pathways, physiological factors, or the
conservative nature of pediatric risk assessment parameters.

Fig. 9 presents the spatial distribution of Target Cancer Risk (TCR)
for six PTEs (As, Cd, Cr, Ni, Pb, Co) across adult and pediatric pop-
ulations. Risk classifications follow established regulatory thresholds: no

Ecological Risk
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Moderate
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Fig. 7. Spatial distribution of contamination (mCD), pollution load (PLI), and ecological risk (RI) indices for PTEs around Junin Lake.
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Fig. 8. Spatial distribution of non-carcinogenic risk (HI) due to exposure to PTEs in adults (top) and children (bottom) in the surroundings of Junin Lake.
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Fig. 9. Spatial distribution of carcinogenic risk (TCR) due to exposure to PTEs in adults and children in the surroundings of Junin Lake.

significant risk (TCR < 1 x 1079), acceptable risk (1 x 10°<TCR< 1
X 10’4), and unacceptable risk (TCR > 1 x 10’4).

The adult population faces substantial carcinogenic exposure, with
arsenic representing the most severe threat across the entire study area
(100 % unacceptable risk). Chromium emerges as the second major
contributor to regional cancer risk, with 30.09 % of the area classified as
unacceptable. Lead presents a heterogeneous risk distribution, where
14.42 % of the area exceeds acceptable limits while the majority (85.35
%) remains within acceptable bounds. Cadmium and nickel demonstrate
more favorable risk profiles, with 94.49 % and 89.36 % of areas main-
taining acceptable risk levels, respectively, though localized contami-
nation hotspots persist above regulatory thresholds.

Children exhibit comparatively lower carcinogenic risk exposure

11

across most elements, reflecting age-specific exposure parameters and
physiological differences. However, arsenic contamination remains
universally problematic, with 100 % of the study area classified as un-
acceptable risk for pediatric populations. Other elements show markedly
improved risk profiles: cadmium and nickel display substantial areas of
no significant risk (24.38 % and 25.74 %, respectively), lead demon-
strates minimal high-risk zones (0.01 % unacceptable, 3.86 % no sig-
nificant risk), and chromium affects only 0.87 % of the area at high-risk
levels.

The comparative analysis reveals age-dependent vulnerability pat-
terns, with adults experiencing more severe carcinogenic risks due to
prolonged exposure duration and higher contaminant intake rates. The
total arsenic contamination across both demographic groups represents
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a critical public health emergency requiring immediate intervention
through comprehensive exposure mitigation strategies, targeted site
remediation efforts, and coordinated public health interventions.

4. Discussions
4.1. Ecological risk and landscape vulnerability

The ecological risk assessment of the Junin Lake watershed reveals
critical contamination by PTEs, with ecological risk index (RI) values
substantially exceeding thresholds for very high risk. This contamina-
tion is most pronounced in agricultural zones and degraded highland
grasslands, indicating strong anthropogenic influences on ecosystem
integrity. These findings align with regional studies across the Andean
highlands, where Custodio et al. (2021, 2023) documented similarly
elevated ecological risks in central Peruvian river sediments, primarily
attributed to agricultural runoff and urbanization. Comparable patterns
emerge from Ecuador, where Beltran-Davalos et al. (2025) identified
heightened ecological risks in unprotected Andean lakes, driven by
anthropogenic enrichment of lead and copper.

The dominance of As and Pb in both mean contamination degree
(mCD) and RI indices observed in this study mirrors findings from other
Andean wetland systems. Custodio et al. (2022) similarly identified
these elements as primary contributors to ecological risk in natural
wetlands, while Aris (2017) documented concurrent declines in
ecosystem services across high Andean wetlands due to mining expan-
sion and intensive agriculture. The spatial concordance between
degraded wetland zones and elevated contamination in Junin Lake re-
flects this broader regional trend of anthropogenic pressure on fragile
highland mountain ecosystems.

These consistent patterns across the Andean region underscore the
systematic nature of PTE contamination in high-altitude ecosystems and
highlight the urgent need for integrated conservation and remediation
strategies specifically tailored to montane environments.

4.2. Human health risk from PTE exposure

Spatial analysis reveals significant chronic health risks from PTE
exposure, with agricultural and rural communities facing dispropor-
tionate hazards through multiple exposure pathways including inges-
tion, inhalation, and dermal contact. These findings contribute to
growing evidence of PTE-related health risks in developing regions,
where children consistently emerge as the most vulnerable
demographic.

Although children are generally considered more vulnerable to
heavy metal exposure due to their lower body weight, our findings
indicate higher health risks for adults. This discrepancy can be attrib-
uted to longer exposure duration, increased frequency of contact,
greater exposed skin surface, and prolonged inhalation of contaminated
dust, particularly in agricultural and rural settings such as the sur-
roundings of Lake Junin. Similar patterns have been reported in other
mining-affected regions. For instance Zhuang et al. (2014) observed
elevated risk levels among adults in the Dabaoshan area of China,
largely due to continuous consumption of contaminated food and
frequent contact with agricultural soils. Likewise, Li et al. (2022)
highlighted that long-term exposure in adults significantly increased
cumulative risk in mining-impacted farmlands.

Regarding the contribution of mining activities to the observed
health risks, several studies have documented that both active opera-
tions and mining environmental liabilities (MELs) are major sources of
toxic elements such as As, Pb, Cd, Zn, and Cu in high Andean soils. In
regions like Junin, these contaminants are often linked to tailings
leachate, abandoned waste, and poorly managed historical emissions
(Cruzado-Tafur et al., 2020; Mendoza et al., 2020; Sun et al., 2017).

Recent global assessments reinforce these concerns. Siddig et al.
(2025b) identified carcinogenic risks from chromium, nickel, cadmium,
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and arsenic across more than 70 % of surveyed land uses in Sudan, with
children showing heightened vulnerability. Similarly, Haque et al.
(2025) documented unacceptable risks from As, Cr, and Cd in urban and
industrial settings, emphasizing indoor dust as a critical exposure vector.
The dietary pathway also presents substantial risks, as demonstrated by
Effiong et al. (2023), who identified As and Cd in processed foods as
primary contributors to cancer risk in Nigeria.

Within the Andean context, Custodio et al. (2020) reported hazard
index (HI) values exceeding unity for arsenic and lead in surface waters
near Peruvian mining zones, with children's cancer risk classified as
moderate to high. This pattern extends globally, with elevated HI and
total cancer risk (TCR) values for As, Cd, Cr, and Ni documented across
diverse geographic contexts, including China (Liu et al., 2024),
Bangladesh (Jewel et al., 2024), Iran (Niknejad et al., 2024), and Nigeria
(Taiwo et al., 2024).

The consistency of these findings across different continents and
exposure scenarios validates our results and emphasizes the universal
vulnerability of children to PTE exposure, reinforcing the critical need
for targeted risk assessment and intervention strategies in contaminated
environments.

4.3. Environmental covariates and predictive modeling

Effective PTE risk assessment requires integrated approaches that
combine environmental covariates, vegetation characteristics, and
advanced modeling techniques to capture the complex spatial variability
of contamination. The observed variation in PTE levels across land cover
types reflects differential retention capacities, with less disturbed envi-
ronments such as wetlands and native grasslands typically exhibiting
higher accumulation rates (Aduko et al., 2025).

Vegetation plays a multifaceted role in PTE dynamics, influencing
both retention and mobility while serving as a natural barrier against
erosion and contaminant dispersion (Carbajal et al., 2024; Gonzalez
Henao and Ghneim-Herrera, 2021; Pajak et al., 2018). The integration of
multivariate environmental covariates including soil pH, texture,
normalized difference vegetation index (NDVI), and elevation has
proven essential for explaining metal distribution patterns, particularly
in topographically complex montane regions (Adhikari et al., 2024;
Rahaman et al., 2025).

ML algorithms, particularly RF models, have demonstrated superior
performance in handling the nonlinear relationships and multi-
collinearity inherent in environmental datasets (Li et al., 2025b; Su
etal., 2024; Xu et al., 2024). The integration of remote sensing data with
ML approaches further enhances predictive mapping capabilities,
proving especially valuable in data-sparse regions where traditional
sampling approaches are logistically challenging (Guo et al., 2023;
Khosravi et al., 2021).

This methodological framework validates our approach of utilizing
vegetation indices as ecological indicators and environmental covariates
as predictors, thereby improving both spatial resolution and accuracy of
PTE risk assessment in sensitive Andean ecosystems.

4.4. Management implications

The convergent evidence from ecological risk assessment and human
health evaluation underscores the critical need for comprehensive
environmental management strategies that simultaneously address
ecosystem integrity and public health protection. The persistent
contamination by arsenic, lead, and mercury, coupled with dispropor-
tionate risks to vulnerable populations particularly children demands
immediate and sustained intervention (Hsieh et al., 2014; Rodriguez
et al., 2024).

Effective management requires a multi-pronged approach encom-
passing adaptive land use planning that considers contamination pat-
terns and exposure pathways, implementation of improved agricultural
practices that minimize PTE mobilization, and establishment of
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community-based monitoring programs that engage local stakeholders
in ongoing risk assessment. Additionally, targeted remediation efforts
should prioritize areas with the highest combined ecological and human
health risks, while considering the unique challenges posed by high-
altitude environments (J. Liu et al., 2018).

The broader applicability of these findings to similar highland sys-
tems throughout the Andes suggests that regional coordination and
knowledge sharing could enhance the effectiveness of management in-
terventions. Ultimately, protecting both environmental integrity and
public health in the Junin watershed and comparable montane ecosys-
tems requires sustained commitment to evidence-based management
practices that integrate scientific understanding with community needs
and environmental justice considerations (Nassar and Khater, 2023).

5. Conclusion

This assessment reveals critical contamination by PTEs in the Junin
Lake watershed, with arsenic, lead, cadmium, and zinc concentrations
substantially exceeding ecological and human health thresholds. Nearly
the entire study area faces very high ecological risk, while local pop-
ulations experience unacceptable carcinogenic risks, particularly from
arsenic exposure. The integration of remote sensing, ML, and land cover
analysis effectively identified contamination hotspots across this het-
erogeneous land cover formations, demonstrating significant potential
for application in similar regions.

The convergent evidence demands urgent coordinated intervention
strategies including immediate soil and water remediation, adaptive
land use policies restricting PTE-mobilizing activities, and community-
based monitoring programs. These findings likely reflect broader
contamination patterns across Andean montane basins, indicating the
need for regional policy coordination and sustained investment in high-
altitude ecosystem protection. The preservation of Junin Lake's ecolog-
ical integrity and community health represents a critical test of envi-
ronmental justice commitments, requiring rapid translation of scientific
findings into concrete policy action.
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