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Abstract

Pb–Zn slag and smelting activities represent a persistent global source of soil contamination,
releasing toxic heavy metals—lead (Pb), zinc (Zn), cadmium (Cd), and arsenic (As)—with
documented risks to ecosystems and human health. Although previous reviews have ad-
dressed heavy metal contamination near smelters and pollution indices as assessment tools,
no review has specifically mapped environmental assessment methods for Pb–Zn slag-
contaminated soils, and evidence from Central Asia remains absent. This scoping review,
following PRISMA-ScR 2018 guidelines, maps the global evidence base on soil contami-
nation from Pb–Zn slag and associated assessment methods. Searches across Dimensions,
PubMed, and OpenAlex identified 410 records; 56 studies (2010–2025) met the inclusion
criteria. Studies were concentrated in China (35.7%), Poland (8.9%), and Brazil (7.1%); no
studies from Kazakhstan were identified despite major Pb–Zn smelting operations in the
Shymkent region. All studies reported heavy metal concentrations exceeding regulatory
thresholds, with cadmium as the primary ecological risk driver and lead posing the greatest
health risk to children. Assessment methods included pollution indices (73.2%), ecological
risk assessment (67.9%), GIS-based spatial analysis (57.1%), human health risk frameworks
(51.8%), and source apportionment models (50.0%). Post-2018 studies increasingly applied
integrated multi-method frameworks. Critical gaps include the absence of Central Asian
research, limited predictive modeling, and a lack of standardized protocols. Findings
provide a structured evidence map to guide environmental monitoring and remediation at
slag-contaminated sites globally.

Keywords: Pb–Zn slag; PRISMA-ScR; soil contamination; Kazakhstan; heavy metals

1. Introduction
Soil contamination by heavy metals represents a pervasive global environmental chal-

lenge, affecting agricultural productivity, ecosystem health, and human well-being [1].
Heavy metals such as lead, zinc, cadmium, and arsenic persist in soils due to their non-
biodegradable nature, leading to bioaccumulation in food chains and posing risks of chronic
toxicity, including neurological disorders, renal damage, and carcinogenicity [2]. According
to global estimates, over 50 million hectares of agricultural land are contaminated with
heavy metals [3], with Asia bearing the heaviest burden due to rapid industrialization
and intensive mining [3]. In Europe and North America, legacy pollution from historical
smelting operations continues to affect soils decades after facility closures [4,5]. These con-
taminants enter soils through atmospheric deposition, wastewater irrigation, agrochemical
applications, and direct industrial discharges [3].
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Industrial activities, particularly non-ferrous metal smelting and mining, are the
primary anthropogenic sources of this pollution, with metallurgical slag—a byproduct of
ore processing—making a significant contribution [6,7]. Pb–Zn smelting generates vast
quantities of slag, often disposed of in landfills or reused without adequate environmental
safeguards, resulting in the leaching of Pb, Zn, Cd, and As into surrounding soils [8]. Slag
from Pb–Zn operations typically contains 1–5% Pb, 10–30% Zn, and variable Cd levels, far
exceeding natural soil background concentrations [9]. Globally, the annual production of
Pb–Zn slag exceeds 10 million tons, stockpiled near smelters in China, India, Australia,
and Central Asia [10]. In mining districts of southern China, soil Pb concentrations near
slag heaps reach 2000 mg/kg—more than 100 times the regulatory limit—while Zn levels
surpass 5000 mg/kg [11,12].

The geochemical instability of slag under varying environmental conditions exacer-
bates contamination. Acidic rainfall lowers soil pH and enhances metal solubilization [13],
while organic matter increases metal bioavailability [14]. Redox fluctuations in waterlogged
soils release bound metal ions into groundwater [15]. In arid regions, dust storms disperse
fine slag particles over hundreds of kilometers, contaminating remote farmlands [16,17].
These processes create diffuse pollution plumes that infiltrate aquifers and river systems,
extending contamination well beyond point sources.

Ref. [18] shows that environmental risks are multifaceted. In agroecosystems, elevated
Pb and Cd levels inhibit seed germination and reduce crop yields by 20–50% [19]. Plants
such as rice and wheat hyperaccumulate Zn, transferring it to edible parts and thereby
posing dietary risks [20,21]. Soil microbial communities experience declines in enzyme
activity of up to 70%, disrupting nutrient cycling [21,22]. Human exposure occurs through
ingestion of contaminated produce, inhalation of dust, and dermal contact [23,24]. Children
are particularly vulnerable, with blood Pb levels above 5 µg/dL linked to irreversible IQ
deficits [25]. Chronic Cd exposure induces itai-itai disease, characterized by severe bone
pain and kidney failure.

Pb–Zn slag pollution exemplifies these risks globally [26,27]. In Yunnan Province,
China, decades of Pb–Zn smelting have contaminated over 1000 km2 of farmland [28].
In Kabwe, Zambia, childhood blood Pb levels average 50 µg/dL—ten times the WHO
thresholds—due to slag recycling in informal economies [29–31]. In Kazakhstan, the
Shymkent lead plant has generated millions of tons of slag over several decades, with
documented soil Pb concentrations exceeding 3000 mg/kg near the facility—more than
900 times the maximum permissible concentration—yet this site remains largely absent
from the international peer-reviewed literature [32]. It should be noted that the soil Pb
concentration of 3000 mg/kg reported for the Shymkent site [32] was determined using
atomic absorption spectrometry (AAS) following GOST-standardized protocols, which
are methodologically comparable to ICP-based international methods (ICP-OES, ICP-MS)
for total metal determination in soils [33]. The background and reference values cited
from South Korean study sites [33] were obtained using validated ICP-MS procedures
consistent with ISO 17294 standards [34]. While minor procedural differences between
GOST and ISO/US EPA extraction protocols may exist, these do not materially affect the
order-of-magnitude comparison with international regulatory thresholds presented in this
review. Climate change intensifies these threats: increased rainfall enhances leaching, while
rising temperatures accelerate slag weathering and metal release [35–37].

Current environmental assessment methods include chemical analysis, GIS-based
spatial mapping, bioindicators, and predictive modeling [38–40]. Sequential extrac-
tion procedures such as BCR differentiate metal fractions and inform bioavailability
assessment [41,42]. Geostatistical tools, including kriging, interpolate contamination
hotspots, while ecological risk indices quantify environmental threats [43–45]. However,
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these methods face limitations: high costs restrict adoption in low-resource settings; site-
specific variability requires calibration; and insufficient integration of multi-media exposure
pathways leads to an underestimation of holistic risk [46,47]. Emerging tools such as diffu-
sive gradients in thin films provide labile metal proxies, but standardization lags [48–50].

Despite extensive global research on heavy metal contamination near smelting ar-
eas, studies that specifically address Pb–Zn slag and employ systematic environmental
assessment remain fragmented [9–11,51]. Existing research is concentrated in China, Eu-
rope, and parts of South America, with Central Asia—particularly Kazakhstan—entirely
unrepresented in the peer-reviewed literature despite hosting major Pb–Zn smelting
infrastructure [52]. Previous reviews have examined heavy metal contamination in soils
near smelting areas in general terms [10], human health risks from heavy metals at in-
dustrial sites [53], and pollution indices as assessment tools [54]. However, none of these
reviews have specifically focused on Pb–Zn slag as a distinct contamination source, nor have
any systematically mapped and categorized the full range of environmental assessment
methods applied across slag-contaminated sites globally. This gap limits methodological
standardization and evidence synthesis for this particular class of industrial waste.

This review contributes three novel elements to the existing literature: (i) a slag-
specific focus that distinguishes Pb–Zn slag from broader smelter-related contamination as
a distinct geochemical source; (ii) a comprehensive categorization and evidence mapping of
all environmental assessment methods applied in this context; and (iii) the first systematic
identification of the Central Asian research gap in the peer-reviewed literature on Pb–Zn
slag contamination.

This scoping review addresses these gaps by systematically mapping the global ev-
idence base on soil contamination from Pb–Zn slag and the environmental assessment
methods employed in primary studies. Following PRISMA-ScR 2018 guidelines [55], the
review pursues three objectives: (1) to characterize the scope and distribution of soil con-
tamination from Pb–Zn slag and smelting activities reported in the literature; (2) to identify
and categorize environmental assessment and predictive modeling methods applied across
study contexts; and (3) to identify geographic, methodological, and thematic research gaps
with particular relevance to Kazakhstan and Central Asia.

2. Materials and Methods
2.1. Study Design

This scoping review was conducted in accordance with PRISMA-ScR 2018
guidelines [55]. The review process comprised four sequential stages: (1) Identification—
three electronic databases were searched using a predefined Boolean string; (2) Screening—
retrieved records were assessed by title and abstract against eligibility criteria;
(3) Eligibility—full texts of potentially relevant records were retrieved and evaluated
against inclusion and exclusion criteria; and (4) Inclusion—studies meeting all criteria
were retained for data charting and evidence mapping. The review protocol is publicly
registered at OSF: https://osf.io/ktg86 (registered 16 March 2026); accessed on 16 March
2026). A grant AP25795537 from the Science Committee of the Ministry of Science and
Higher Education of the Republic of Kazakhstan funded the review. The PRISMA-ScR 2018
checklist is provided in Table S1.

2.2. Eligibility Criteria

Studies were selected using the Population, Concept, and Context (PCC) framework.
The Population comprised soils contaminated by Pb–Zn slag or associated smelting and
mining activities. The Concept encompassed ecological assessment methods and predictive
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modeling approaches for evaluating soil contamination. The Context included industrial
sites globally, with particular relevance to the Shymkent region of Kazakhstan.

Inclusion criteria were: (1) peer-reviewed journal articles published between January
2010 and March 2025; (2) studies reporting soil contamination directly linked to Pb–Zn slag,
smelter emissions, or metallurgical waste; (3) studies employing at least one environmental
assessment or predictive modeling method; and (4) publications available in English.

Exclusion criteria were: (1) studies focused exclusively on construction material
applications of slag without environmental assessment; (2) wastewater treatment stud-
ies without soil contamination data; (3) pyrometallurgical metal recovery processes;
(4) solidification/stabilization technology studies without field environmental data; and
(5) publications prior to 2010.

2.3. Information Sources and Search Strategy

A systematic literature search was conducted on 16 March 2026 across three databases:
Dimensions (n = 351), PubMed (n = 10), and OpenAlex (n = 49), yielding 410 records in total.
Scopus and Web of Science were not included due to institutional access restrictions at the
time of the search. The selected combination was chosen to maximize coverage: Dimensions
indexes over 130 million publications and has demonstrated comparable or superior recall
to Scopus and Web of Science for environmental science queries [56]; OpenAlex aggregates
records from Crossref, PubMed, and institutional repositories, providing broad open-access
coverage [57]; and PubMed ensures retrieval of biomedical and toxicological studies. This
combination has been validated as methodologically appropriate for scoping reviews in
environmental health [56]. The following Boolean search string was applied uniformly
across all databases:

(“Lead-Zinc Slag” OR “Pb–Zn slag” OR “zinc slag” OR “lead slag”) AND (“soil
contamination” OR “soil pollution” OR “heavy metals” OR “environmental assessment”
OR “remediation”)

2.4. Study Selection and Screening Process

All retrieved records were imported into Rayyan (Rayyan Systems Inc., Cambridge,
MA, USA; http://rayyan.ai/, accessed on 16 March 2026) for systematic management [58].
After automated and manual duplicate removal (n = 27), a total of 383 records underwent
title and abstract screening by one reviewer against the predefined eligibility criteria.
Records that clearly did not meet the inclusion criteria were excluded (n = 253), yielding
130 records for full-text assessment. Following full-text screening, 56 studies met all
inclusion criteria and were retained for data extraction and evidence mapping. The study
selection process is illustrated in the PRISMA-ScR flow diagram (Figure 1).

2.5. Data Extraction and Evidence Mapping

Data were extracted from the 56 included studies using a standardized charting form
implemented in Elicit (Elicit PBC, San Francisco, CA, USA; https://elicit.com/, accessed
on 7 April 2026) and Microsoft Excel 2021 (Microsoft Corporation, Redmond, WA, USA).
Extracted variables included: bibliographic details (authors, publication year, journal);
geographic scope (country, region); contamination source (slag type, smelter, tailings,
mine); heavy metals analyzed; environmental assessment methods employed; predictive
or transport models used; number of soil samples collected; and key findings regarding
contamination levels and risks.

The study selection process and the number of records included at each stage are
illustrated in the PRISMA-ScR flow diagram.

Full data extraction is provided in Table S2 (Supplementary Materials).
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Figure 1. PRISMA-ScR 2018 flow diagram illustrating the identification, screening, eligibility assess-
ment, and inclusion of studies in this scoping review.

2.6. Methodological Quality Appraisal

Consistent with the PRISMA-ScR 2018 guidelines, a formal risk-of-bias assessment
is not required for scoping reviews, as their primary objective is to map the extent and
nature of available evidence rather than to synthesize effect estimates [55]. Neverthe-
less, to strengthen the reliability of the findings, a basic methodological quality appraisal
was conducted for all 56 included studies using four criteria adapted from established
environmental research quality frameworks: (1) adequacy of sampling design (sample
size ≥ 20, spatial coverage documented); (2) use of validated analytical methods (ICP-MS,
ICP-OES, AAS, or pXRF with documented quality assurance/quality control procedures);
(3) inclusion of reference or background samples for comparison; and (4) application of at
least one standardized assessment framework (e.g., US EPA, Hakanson PER [59], Müller
Igeo). Each criterion was scored as ‘met’, ‘partially met’, or ‘not met’. Studies meeting all
four criteria were classified as high methodological quality; those meeting two or three
were classified as moderate; and those meeting fewer than two were classified as low.

2.7. AI-Assisted Tools

Several AI-assisted tools were used during the preparation of this review. Language
editing and grammar checking of the manuscript text were performed using Claude
(claude-3-5-sonnet, Anthropic, San Francisco, CA, USA). Literature organization and initial
data extraction support were performed using Elicit (Elicit PBC, San Francisco, CA, USA;
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https://elicit.com/, accessed on 7 April 2026), an AI-assisted research tool; all extracted
data were subsequently verified manually by the authors against the original sources. The
graphical abstract was created using Napkin AI (Napkin AI Inc., San Francisco, CA, USA;
https://www.napkin.ai/, accessed on 7 April 2026). No AI tool was used for data analysis,
statistical computations, interpretation of results, or drawing scientific conclusions. All
AI-generated content was reviewed, verified, and edited by the authors, who take full
responsibility for the accuracy and integrity of the submitted manuscript.

3. Results
3.1. Study Selection and PRISMA Flow

The study selection process followed the four-stage PRISMA-ScR protocol described
in Section 2. The most common reasons for exclusion at the full-text stage were: a fo-
cus on construction-material applications of slag (n = 98), wastewater treatment with-
out soil contamination data (n = 82), and pyrometallurgical metal recovery without a
field environmental assessment (n = 73). The complete study selection flow is presented
in Figure 1.

Methodological Quality of Included Studies

Of the 56 included studies, 34 (60.7%) met all four quality criteria and were classified
as displaying high methodological quality. These studies employed validated analyti-
cal techniques with documented QA/QC procedures, collected ≥20 soil samples with
adequate spatial coverage, included reference or background samples, and applied at
least one standardized assessment framework. A further 18 studies (32.1%) were clas-
sified as moderate quality, most commonly lacking documented QA/QC procedures or
reference samples. Four studies (7.1%) were classified as low quality due to small sam-
ple sizes (n < 20) and the absence of background comparisons. All four low-quality
studies were published before 2018, suggesting that methodological rigor has improved
over time. The key findings of this review—including the dominance of cadmium as
an ecological risk driver and of lead as a health risk—were consistent across high- and
moderate-quality studies, indicating that the overall conclusions are robust to variations in
methodological quality.

3.2. Characteristics of Included Studies

The 56 included studies were published between 2010 and 2025, with a marked
increase in publication frequency after 2020, reflecting growing global concern over
the environmental impacts of metallurgical waste. Specifically, 15 studies were pub-
lished between 2010 and 2017, compared with 41 between 2018 and 2025, representing
a 2.7-fold increase. Study designs were predominantly empirical field investigations, with
the majority collecting soil samples from sites adjacent to active or abandoned Pb–Zn
smelters, slag heaps, or tailings deposits. Peer-reviewed journal articles constituted all in-
cluded publications. The characteristics of included studies are summarized in Table 1. The
country-level distribution of included studies is presented in Figure 2, annual publication
trends are illustrated in Figure 3, the frequency of contamination source types is presented
in Figure 4 and frequency of heavy metal(oid)s mentions analyzed in the included studies
is presented in Figure 5.
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Table 1. Characteristics of included studies (n = 56).

Publication Year n %

2010–2014 3 5.4

2015–2017 12 21.4

2018–2020 14 25.0

2021–2023 20 35.7

2024–2025 7 12.5

Contamination source

Smelter (active or abandoned) 38 67.9

Pb–Zn slag heap 10 17.9

Tailings/mine waste 5 8.9

Mixed sources 3 5.4

Heavy metals studied

Pb + Zn + Cd (all studies) 56 100

+As 42 75.0

+Cu 35 62.5

+Hg 18 32.1

+Tl 3 5.4

Study design

Empirical field study 48 85.7

Modeling study 5 8.9

Combined field + modeling 3 5.4

Figure 2. Country-level distribution of the included studies and identified research gaps. * Kazakhstan
is marked as a research gap (0 studies identified in the peer-reviewed literature despite major Pb–Zn
smelting operations in the Shymkent region). Chart created with Datawrapper (Datawrapper GmbH,
Berlin, Germany; https://www.datawrapper.de/, accessed on 16 March 2026).
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Figure 3. Annual distribution of included studies (2010–2025). Chart created by the authors based on
data extracted from included studies using Rayyan [57]. Created with Datawrapper (Datawrapper
GmbH, Berlin, Germany).

Figure 4. Frequency of contamination source types in the reviewed studies. Chart created by the
authors based on data extracted from included studies using Rayyan [57]. Created with Datawrapper
(Datawrapper GmbH, Berlin, Germany).

Figure 5. Frequency of heavy metal(oid)s analyzed in the included studies (n = 56). Chart created
by the authors based on data extracted from included studies using Rayyan [57]. Created with
Datawrapper (Datawrapper GmbH, Berlin, Germany).
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3.3. Geographic Distribution of Studies

The 56 included studies exhibited a pronounced geographic concentration in regions
with established Pb–Zn smelting histories. China dominated the literature, with 20 studies
(35.7%) [28,60–65], reflecting the country’s status as the world’s largest producer of lead
and zinc [66]. Poland contributed five studies (8.9%) [67,68], primarily examining legacy
contamination from historical Pb–Zn mining districts. Brazil accounted for four studies
(7.1%) [69,70], with a particular focus on the former Santo Amaro smelter site in Bahia
state [63]. The United States and Australia each contributed two studies (3.6%), while
Bangladesh [71], India [72], Indonesia [73,74], France, Greece [75,76], South Korea [33], and
the Republic of Macedonia [77] each contributed 1–2 studies [65,78,79]. The geographic
distribution is presented in Figure 6.

Figure 6. Geographical distribution of included studies [58].

Critically, no studies were identified from Kazakhstan despite the presence of one of
Central Asia’s largest Pb–Zn smelting complexes in the Shymkent region [80], representing
a significant research gap with direct relevance to this review. Central Asia as a whole was
absent from the identified literature, highlighting a major geographic underrepresentation
in the global evidence base.

3.4. Environmental Assessment Methods Used in the Literature

The 56 included studies employed a diverse range of environmental assessment
methods, which were categorized into five primary groups: pollution indices, ecological risk
assessment, human health risk assessment, spatial analysis, and advanced analytical and
modeling approaches. Many studies applied multiple methods simultaneously, reflecting a
trend toward integrated assessment frameworks.

3.4.1. Pollution Indices

Pollution indices were the most frequently applied assessment tools, used in 41 studies
(73.2%). The most common indices included the Single Factor Pollution Index (PI), the
Nemerow Synthetic Pollution Index (NSPI), the Geoaccumulation Index (Igeo), and the
Enrichment Factor (EF) [81]. These indices provide standardized quantitative measures of
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contamination relative to background or regulatory threshold values, enabling comparison
across study sites and metals.

3.4.2. Ecological Risk Assessment

Ecological risk assessment methods were applied in 38 studies (67.9%) [82]. The Poten-
tial Ecological Risk Index (PER/RI) [83,84], originally developed by Hakanson (1980) [59],
was the most widely used approach, calculating risk based on metal toxicity response
coefficients and contamination factors. Risk grades ranged from low to significantly high
ecological risk, with cadmium (Cd) identified as the primary driver of high ecological
risk in the majority of studies (34 of 38 studies reporting ecological risk, 89.5%), pri-
marily due to its high toxicity response coefficient (Tr = 30) in the Hakanson (1980) [59]
framework—the highest among the metals commonly assessed at Pb–Zn slag sites. How-
ever, it should be noted that this ranking is partly an artifact of the toxicity coefficient system,
in which Cd receives a coefficient substantially higher than Pb (Tr = 5), Zn (Tr = 1), and
As (Tr = 10) [85]. Where alternative toxicity coefficients were applied, the relative risk
ranking of metals varied [86,87].

3.4.3. Human Health Risk Assessment

Human health risk assessment following the United States Environmental Protec-
tion Agency (US EPA) framework was applied in 29 studies (51.8%). These assessments
calculated non-carcinogenic hazard quotients (HQ) and hazard indices (HI), as well as car-
cinogenic risk indices (CR/TCR) for adults and children separately, considering exposure
pathways including ingestion, dermal contact, and inhalation [88,89]. Six studies employed
Monte Carlo simulation for probabilistic risk assessment (10.7%) [66,90].

3.4.4. Spatial Analysis Methods

Geospatial analysis was employed in 32 studies (57.1%) [91,92]. Geographic In-
formation Systems (GIS) with kriging interpolation were used for spatial distribution
mapping [89,90] and for identifying contamination hotspots. Principal Component Anal-
ysis (PCA) and Cluster Analysis (CA) were applied in 28 studies (50.0%) [93] to identify
sources and differentiate anthropogenic from geogenic metal contributions. Positive Matrix
Factorization (PMF) [94] and APCS-MLR receptor models were used in 12 studies (21.4%)
for quantitative source apportionment [95].

3.4.5. Advanced Analytical and Modeling Approaches

Advanced analytical techniques were applied across multiple studies. Portable X-ray
fluorescence (pXRF) was used for rapid field screening in eight studies (14.3%) [96–98].
Lead isotope ratio analysis (206Pb/207Pb) for source tracing was applied [99]. Sequential
extraction procedures (BCR, Tessier) for metal fractionation and bioavailability assess-
ment were employed in 9 studies [100] (16.1%). Predictive transport modeling, including
Hydrus-1D version 4.xx (PC-Progress, Prague, Czech Republic) simulations and multi-
surface geochemical modeling, was used in four studies (7.1%) [101–103]. Biological and
ecotoxicological methods, including microbial community analysis (16S rRNA), phyto-
toxicity bioassays, and enzymatic biomarkers (dehydrogenase activity), were applied in
14 studies (25.0%) [104]. The distribution of assessment methods is summarized in Table 2.
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Table 2. Distribution of environmental assessment methods applied in the included studies (n = 56),
with example software and analytical tools.

Assessment Method n % Example Software/Tools

Pollution indices (PI, Nemerow, Igeo, EF) 41 73.2 Microsoft Excel, R version 4.3.1 (EnvStats)

Ecological risk index (PER/RI) 38 67.9 Microsoft Excel, IBM SPSS STATISTICS V28

GIS + spatial mapping (kriging) 32 57.1 ArcGIS Pro 3.1 (Esri, Redlands, CA, USA), QGIS 3.32,
Surfer 25 (Golden Software, Golden, CO, USA)

Human health risk (US EPA, HQ/HI) 29 51.8 EPA ExpoBox, RISC5, R

PCA + Cluster Analysis 28 50.0 IBM SPSS STATISTICS V28, R version 4.3.1
(FactoMineR), Origin

PMF source apportionment 12 21.4
EPA PMF VERSION 5.0 (US EPA, Washington, DC,
USA), ME-2 (Paul Scherrer Institute,
Villigen, Switzerland)

Sequential extraction (BCR/Tessier) 9 16.1 ICP-MS/OES (instrumental)

Microbial community (16S rRNA) 8 14.3 QIIME2 V2023.5, Mothur v1.48.0,
R version 4.3.1 (vegan)

pXRF field screening 8 14.3
Olympus Vanta (Olympus Corporation, Tokyo,
Japan), Bruker S1 TITAN (Bruker Corporation,
Billerica, MA, USA)

Monte Carlo simulation 6 10.7
Oracle Crystal Ball (Oracle Corporation, Austin, TX,
USA), @RISK version 8 (Palisade Corporation, Ithaca,
NY, USA), R version 4.3.1 (mc2d)

Phytoremediation + BCF/TF 6 10.7 Microsoft Excel 2021

Pb isotope tracing 5 8.9 MC-ICP-MS (instrumental)

Predictive transport models (Hydrus-1D
version 4.xx (PC-Progress, Prague,
Czech Republic))

4 7.1

Hydrus-1D version 4.xx (PC-Progress, Prague, Czech
Republic), PHREEQC v3.7 (US Geological Survey,
Reston, VA, USA), MODFLOW 6 (US Geological
Survey, Reston, VA, USA)

Ecotoxicology (PICT, bioassays) 4 7.1 EC50 calculators, R version 4.3.1 (drc)

Geophysical methods (GPR,
radionuclides) 3 5.4 GSSI (Geophysical Survey Systems Inc., Nashua, NH,

USA), Geosoft Oasis

LCA/Material flow analysis 2 3.6

SimaPro version 9 (PRé Sustainability, Amersfoort,
The Netherlands), OpenLCA version 2.0 (GreenDelta,
Berlin, Germany), GaBi v10 (Sphera Solutions,
Stuttgart, Germany)

Note: PI = Pollution Index; Igeo = Geoaccumulation Index; EF = Enrichment Factor; PER/RI = Potential Eco-
logical Risk Index; GIS = Geographic Information System; PCA = Principal Component Analysis; PMF = Pos-
itive Matrix Factorization; BCR = Bureau Communautaire de Référence; pXRF = portable X-ray fluorescence;
BCF = Bioconcentration Factor; TF = Translocation Factor; GPR = Ground-Penetrating Radar; LCA = Life Cy-
cle Assessment; PICT = Pollution-Induced Community Tolerance, HQ/HI = Hazard Quotient/Hazard Index,
MC-ICP-MS = Multicollector Inductively Coupled Plasma Mass Spectrometry.

The comparative analysis (Table 3) reveals that each method category addresses a
distinct dimension of contamination assessment. Pollution indices and ecological risk
indices are most suitable for initial site screening due to their simplicity and low data
requirements. However, they cannot capture metal bioavailability or ecosystem-level
impacts. Human health risk frameworks provide regulatory-grade risk estimates but are
limited by deterministic exposure assumptions unless supplemented with Monte Carlo
simulation. Spatial methods (GIS, kriging) are essential for delineating contamination
boundaries and identifying hotspots, but depend critically on sampling density. Source
apportionment models (PMF, PCA) enable targeted remediation planning but require
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sufficiently large datasets for statistical reliability. Sequential extraction and biological
methods provide complementary information on metal mobility and ecological effects,
respectively, that chemical indices alone cannot capture. The trend toward integrated
multi-method frameworks observed in post-2018 studies (61% of publications) reflects
growing recognition that no single method adequately characterizes the full complexity
of Pb–Zn slag contamination. An optimal assessment strategy for slag-contaminated sites
would combine rapid screening (pXRF, pollution indices) with confirmatory spatial analysis
(GIS-kriging), risk quantification (US EPA + Monte Carlo), and ecosystem health evaluation
(biological methods).

Table 3. Comparative analysis of environmental assessment methods for Pb–Zn slag-contaminated soils.

Method Strengths Limitations Recommended
Application

Pollution indices (PI,
Igeo, EF)

Simple calculation; low
data requirements; enables
cross-site comparison
using standardized
thresholds

Does not assess bioavailability
or ecological impact; results
sensitive to choice of
reference/background
value [105]

Initial screening and
baseline contamination
characterization

Ecological risk index
(PER/RI)

Integrates metal toxicity
coefficients into a single
composite score; enables
comparative ranking
across metals [106,107]

Relies on predefined toxicity
coefficients (Hakanson, 1980)
[59] that may not reflect
site-specific bioavailability;
does not account for metal
speciation or
synergistic effects

Comparative ecological
risk ranking across
metals and sites

Human health risk (US
EPA HQ/HI/CR)

Internationally
standardized framework;
separates carcinogenic and
non-carcinogenic risk;
differentiates exposure for
adults and children [82]

Deterministic by default; relies
on generic exposure
parameter assumptions; does
not capture spatial variability
of contamination.

Regulatory risk
assessment and
remediation
prioritization

Monte Carlo simulation

Quantifies uncertainty in
risk estimates; provides
probability distributions
rather than single
point values [85]

Requires large input datasets
for parameter distributions;
computationally more
demanding than
deterministic approaches

Probabilistic refinement
of health
risk assessment

GIS + kriging interpolation

Spatial visualization of
contamination gradients;
identifies hotspots for
targeted
remediation [87,93]

Requires sufficient sample
density for reliable
interpolation; uncertainty
increases with sparse or
clustered sampling.

Spatial risk mapping
and contamination
boundary delineation

PCA/PMF source
apportionment

Quantifies contributions of
different pollution sources;
distinguishes
anthropogenic from
geogenic inputs [92,93]

Requires large sample sizes
(typically n > 50); results are
sensitive to input data quality
and the number of
factors selected.

Source identification for
targeted
remediation strategies

Sequential extraction
(BCR/Tessier)

Differentiates metal
fractions by bioavailability;
informs mobility under
changing environmental
conditions [40,41]

Operationally defined
fractions; poor selectivity
between phases;
time-consuming
and labor-intensive

Bioavailability
assessment and
leaching risk evaluation
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Table 3. Cont.

Method Strengths Limitations Recommended
Application

pXRF field screening

Rapid, non-destructive,
cost-effective; suitable for
large-scale surveys in
resource-limited
settings [108,109]

Lower precision than ICP-MS
for trace concentrations;
matrix effects require
site-specific calibration

Preliminary field
screening prior to
laboratory confirmation

Predictive transport
models (Hydrus-1D
version 4.xx (PC-Progress,
Prague, Czech Republic))

Simulates metal migration
under varying conditions;
supports long-term risk
forecasting [99]

Requires detailed site-specific
hydraulic and geochemical
parameters; limited field
validation at slag sites

Long-term risk
prediction and
remediation planning

Biological methods (16S
rRNA, PICT, bioassays)

Integrates ecosystem-level
response; captures
bioavailability effects
missed by chemical
methods [104,110]

High variability between sites;
limited standardization of
protocols; requires specialized
equipment and expertise.

Complementary
ecosystem health
assessment

3.5. Evidence Mapping of Research Themes

Analysis of the 56 included studies revealed four dominant research themes: (1) con-
tamination characterization and spatial distribution; (2) ecological and human health risk
assessment; (3) environmental assessment methodology and validation; and (4) remediation
and ecological restoration approaches.

Contamination characterization was the most prevalent theme, addressed in 45 studies
(80.4%), with all studies reporting elevated concentrations of Pb, Zn, and Cd that exceeded
national or international regulatory thresholds [111]. Ecological and human health risk
assessment was addressed in 38 studies (67.9%) [73,78], with Cd consistently identified as
the primary ecological risk driver and Pb as the dominant human health concern, partic-
ularly for children through soil ingestion [70,87,112]. Methodological studies validating
or comparing assessment approaches appeared in 12 studies (21.4%), including compar-
isons of pXRF versus ICP-MS [109] and evaluations of different extraction schemes for
bioavailability assessment [78]. Remediation-oriented studies, including phytoremediation,
electrokinetic remediation, and geophysical contamination mapping, appeared in 14 studies
(25.0%) [67,108].

A notable temporal trend was observed: studies published before 2018 predominantly
focused on contamination characterization (88%), while post-2018 studies increasingly
integrated multiple assessment methods and predictive modeling (61%), reflecting method-
ological maturation in the field [92].

To provide a quantitative summary of contamination severity, descriptive statistics
were calculated for maximum soil Pb concentrations reported across the reviewed studies.
Among studies reporting absolute concentration values (n = 32), Pb ranged from 58 to
59,000 mg/kg, with a mean of 9878 mg/kg and a median of 2397 mg/kg. The interquar-
tile range was 503–16,038 mg/kg, reflecting substantial variability across sites. The Pb
concentration of 3000 mg/kg reported at the Shymkent slag site [32] exceeds the global
median by a factor of 1.3, placing it near the 53rd percentile of reported values globally.
While this positions Shymkent within the mid-range of documented slag-contaminated
sites, it is important to note that the Shymkent value represents a single published estimate,
whereas more extensively studied sites (e.g., Santo Amaro, Brazil: up to 24,962 mg/kg;
Upper Silesia, Poland: up to 31,200 mg/kg) have been characterized through multiple inde-
pendent investigations. These statistics should be interpreted as indicative, as differences
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in sampling depth, extraction protocols, and site selection across studies preclude formal
meta-analytic pooling.

4. Discussion
This scoping review synthesizes evidence from 56 studies published between 2010 and

2025, mapping the global landscape of environmental assessment methods applied to soils
contaminated by Pb–Zn slag and associated smelting activities. To our knowledge, this is
the first scoping review to focus specifically on Pb–Zn slag as a source of contamination, to
categorize assessment methods used in this context systematically, and to document the
absence of Central Asian studies in the global evidence base. The findings reveal significant
advances in methodological diversity, a pronounced geographic concentration of research
in Asia, and critical knowledge gaps relevant specifically to Central Asia and Kazakhstan.

Figure 7 illustrates the integrated assessment framework.

Figure 7. Conceptual framework for integrated environmental assessment of Pb–Zn slag-contaminated
soils, illustrating pathways from contamination sources to risk assessment and policy response.

To contextualize contamination severity at the Shymkent site relative to global
patterns, Table 4 summarizes the concentration ranges of Pb, Zn, and Cd reported across
the most-represented study regions.

Table 4. Comparative heavy metal concentrations (mg/kg) at Pb–Zn slag and smelter sites across key
study regions.

Region Metal Range (mg/kg) Mean (mg/kg) n Values Regulatory Limit (mg/kg)

China
Pb 4–10,564 2968 11 400 (GB 36600) [113]
Zn 152–41,833 9496 7 2000 (GB 36600)
Cd 0.2–180 49.8 10 20 (GB 36600)

Poland
Pb 454–31,200 10,751 3 600 (Polish Reg.) [114]
Zn 1037–11,800 4679 3 2000
Cd 12.9–15.0 13.9 2 15

Brazil
Pb 17,862–37,460 26,761 3 300 (CONAMA 420) [115]
Zn 8572–95,940 55,532 3 2000
Cd 335–454 394.5 2 3
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Table 4. Cont.

Region Metal Range (mg/kg) Mean (mg/kg) n Values Regulatory Limit (mg/kg)

France
Pb 1050–5840 2647 3 300 (French std.) [116]
Zn 1390–34,800 14,185 4 -
Cd 20–202 80.7 3 -

Shymkent, Kazakhstan [32] Pb 3000 - 1 32 (KZ MPC)

Note: Concentration ranges represent maximum values reported in individual studies within each region,
extracted from study Abstracts section and Section 3 via Elicit (https://elicit.com/, accessed on 7 April 2026). Not
all included studies reported absolute concentration values; n = number of studies with extractable numeric data
per region. Regulatory limits: China—GB 36600-2018 (screening values, industrial land); Poland—Regulation of
the Minister of Environment (2016); Brazil—CONAMA Resolution 420/2009; Kazakhstan—MPC for residential
soils. Zn and Cd data for Shymkent are not available in the peer-reviewed literature.

4.1. Research Trends in Soil Contamination from Pb–Zn Slag

The marked increase in publications after 2018, with 41 of 56 studies (73.2%) published
in this period, reflects growing global regulatory pressure and scientific concern over the
environmental legacy of metallurgical waste [117]. Early studies predominantly focused
on basic characterization of total heavy metal concentrations, whereas post-2018 research
increasingly integrates multi-method frameworks combining spatial analysis, probabilis-
tic risk modeling, and microbial assessment [53,118]. This methodological maturation
aligns with international recognition that single-method approaches are insufficient to
capture the dynamic, spatially heterogeneous nature of slag-derived contamination [119].
Unlike previous reviews that have examined heavy metal contamination broadly in the
vicinity of smelters [53], this review is the first to isolate Pb–Zn slag as the specific con-
tamination source and to provide a structured method-by-method evidence map across
geographic contexts. The distinct geochemical properties of Pb justify the slag-specific
focus–Zn slag—including high residual metal content (1–5% Pb, 10–30% Zn), alkaline
pH buffering capacity, and long-term weathering behavior—which differentiate it from
other metallurgical wastes such as copper slag or steelmaking slag and necessitate tailored
assessment approaches [14,17].

The dominance of China in the literature (n = 20, 35.7%) reflects the country’s position
as the world’s largest lead and zinc producer, with extensive documented contamination
around smelting complexes in Hunan, Yunnan, and Guizhou [116], and in Henan [62,65,120].
European contributions, primarily from Poland and legacy sites in the Linares district of
Spain [121], emphasize long-term historical contamination and remediation challenges [122].
The near-complete absence of studies from Central Asia, and Kazakhstan in particular, repre-
sents a critical evidence gap given the scale of Pb–Zn smelting operations in the Shymkent
region, one of the largest in the former Soviet Union [105,123].

The quantitative data compiled in Table 4 enable a direct comparison: the soil Pb level
of 3000 mg/kg documented at Shymkent [32] exceeds the global median Pb concentration
reported across the reviewed slag sites (2397 mg/kg, n = 32) by a factor of 1.3. While this
value falls below the extreme contamination levels documented at the Santo Amaro smelter
in Brazil (up to 37,460 mg/kg) and historical Pb–Zn mining districts in Upper Silesia, Poland
(up to 31,200 mg/kg), it substantially exceeds the mean Pb concentration reported across
Chinese study sites (2968 mg/kg, n = 11), which represent the most extensively studied
context in the global literature. The absence of any systematic environmental assessment at
a site with this level of contamination—contrasted with decades of published research at
comparably affected sites in China, Europe, and Brazil—underscores the urgency of the
Central Asian research gap identified in this review.
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4.2. Advances in Environmental Assessment Methods

The diversity of assessment methods identified across 56 studies reflects substantial
progress in the field. Pollution indices, including the Single Factor Pollution Index, Ne-
merow Synthetic Pollution Index, and Geoaccumulation Index, were the most widely used
tools (73.2%), providing standardized, comparable measures of contamination severity rel-
ative to background values [51,54,106,124,125]. Their widespread adoption across national
regulatory contexts—including Chinese GB standards, US EPA thresholds, and European
ANZECC guidelines—underscores their utility as universal screening tools. However,
direct cross-study comparisons remain limited by differences in reference values [107,126].

Ecological risk assessment using the Potential Ecological Risk Index [85,127] was
applied in 67.9% of studies, identifying cadmium as the primary ecological risk driver in
most, attributable to its high toxicity response coefficient (Tr = 30) within the Hakanson [59]
framework [66]. This finding should be interpreted with the caveat that the Hakanson [59]
coefficients assign Cd a weight 30 times that of Zn and 6 times that of Pb, which may
overestimate the relative ecological risk of Cd at sites where Pb concentrations exceed
background values by a greater magnitude [85]. This finding has particular implications for
slag-contaminated sites, where Cd co-occurs with Pb and Zn as a product of polymetallic
ore processing and exhibits high mobility under acidic soil conditions [128,129].

Human health risk assessment following US EPA guidelines was conducted in 51.8%
of studies, with children consistently identified as the most vulnerable population group
due to higher rates of soil ingestion and developing physiological systems [130]. The
adoption of Monte Carlo [66] simulation for probabilistic risk assessment in 10.7% of
studies represents a methodological advance over deterministic approaches, providing
uncertainty quantification essential for evidence-based remediation planning [131,132].

Geospatial methods, including GIS-based kriging interpolation and source appor-
tionment models (PMF, PCA), were applied in over 50% of studies, enabling spatial vi-
sualization of contamination gradients and quantitative differentiation of anthropogenic
versus geogenic metal sources [133]. The integration of portable XRF for rapid field screen-
ing, validated against ICP-MS [134] in multiple studies, demonstrates the potential for
cost-effective, large-scale soil surveys in resource-limited settings [109].

Emerging approaches, including predictive transport modeling (Hydrus-1D version
4.xx (PC-Progress, Prague, Czech Republic)), multisurface geochemical modeling, lead
isotope tracing, and biological assessment methods (16S rRNA microbial analysis, PICT
ecotoxicology, enzymatic biomarkers), appeared in a smaller proportion of studies but
represent important methodological frontiers [110]. Their limited application in slag-
specific contexts highlights opportunities for methodological transfer from adjacent fields.

4.3. Research Gaps and Future Directions

Several critical research gaps emerge from this review. First, the absence of stud-
ies from Kazakhstan and Central Asia represents the most geographically significant
gap. The Shymkent lead plant, one of the largest in Central Asia, has operated for
decades, generating substantial slag deposits. However, no peer-reviewed environmental
assessment studies meeting international methodological standards were identified [135].
This gap is particularly concerning given documented soil lead concentrations exceeding
3000 mg/kg near the plant—more than 900 times the maximum permissible concentration—
and documented health impacts on local populations [136].

Second, predictive modeling approaches remain underrepresented in the slag-specific
literature. Only four studies (7.1%) employed transport or fate models to forecast metal
migration under varying environmental conditions, such as acid rain, climate variability,
or land-use change [137,138]. This underrepresentation likely reflects several interrelated
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factors: (i) high parameterization requirements—models such as Hydrus-1D version 4.xx
(PC-Progress, Prague, Czech Republic) demand detailed site-specific data on soil hydraulic
properties, metal speciation coefficients, and boundary conditions that are rarely avail-
able at slag sites and expensive to obtain [99]; (ii) geochemical complexity—Pb–Zn slag
involves simultaneous dissolution of multiple mineral phases (e.g., willemite, anglesite,
smithsonite) under variable pH and redox conditions, complicating model calibration
beyond standard single-metal transport scenarios [14,17]; and (iii) disciplinary tradition—
the heavy metal contamination literature has been dominated by empirical field-based
research approaches, with predictive modeling more commonly applied in hydrogeology
and contaminant transport fields than in soil science and environmental geochemistry [138].
Future research should address this gap through three specific directions. First, coupled
reactive transport models that integrate slag dissolution kinetics with metal sorption and
precipitation processes should be developed and validated at field-scale Pb–Zn slag sites,
building on existing Hydrus-1D version 4.xx (PC-Progress, Prague, Czech Republic) ap-
plications [99]. Second, machine learning approaches, which have shown promise for
predicting heavy metal migration under acid rain conditions [137], could provide computa-
tionally efficient alternatives to process-based models, particularly for sites where detailed
geochemical parameterization is unavailable. Third, climate-scenario modeling is urgently
needed for Central Asian slag sites, where projected increases in extreme precipitation
events and temperature fluctuations are expected to accelerate slag weathering and metal
leaching [35,36], yet no predictive assessments have been conducted. The semi-arid climate
of southern Kazakhstan, characterized by low annual precipitation (300–400 mm), high
evapotranspiration rates, and frequent dust storms, creates distinct metal transport dynam-
ics that differ fundamentally from those under the humid conditions in which most existing
Hydrus-1D version 4.xx (PC-Progress, Prague, Czech Republic) applications have been
validated [35,36]. In arid environments, limited vertical leaching is offset by lateral dust-
driven dispersal, surface runoff concentration during rare but intense precipitation events,
and capillary rise of metal-laden solutions during dry periods. These processes require
adapted parameterization of predictive models that incorporate wind erosion modules
and episodic recharge functions, which are not typically included in standard Hydrus-1D
version 4.xx (PC-Progress, Prague, Czech Republic) configurations. The application of such
climate-adapted predictive modeling is therefore not merely desirable but essential for
accurate risk forecasting at Central Asian slag sites.

Third, standardized multi-method assessment frameworks are lacking. The hetero-
geneity of methods, reference values, and reporting standards across studies severely
limits cross-site comparability and policy translation [139]. Development of internation-
ally harmonized protocols for slag-contaminated site assessment, analogous to existing
frameworks for mine tailings, is warranted.

Fourth, biological and ecotoxicological assessment methods—including microbial
community analysis, phytotoxicity bioassays, and enzymatic biomarkers—remain under-
utilized relative to chemical methods. These approaches provide integrative measures of
ecosystem health that chemical indices alone cannot capture [140,141].

The identified research priorities are summarized in Figure 8. Figure 8 organizes the
identified research gaps into a priority hierarchy. At the foundational level, the complete
absence of peer-reviewed environmental assessments from Central Asia represents the most
urgent gap, as it precludes any evidence-based environmental management at one of the re-
gion’s most contaminated industrial sites. The intermediate level highlights methodological
gaps—specifically, the underrepresentation of predictive transport modeling and biological
assessment methods—that limit the capacity for forward-looking risk management. At the
apex, the lack of internationally standardized assessment protocols for slag-contaminated
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sites impedes cross-jurisdictional comparability and policy harmonization. This hierarchi-
cal framing suggests that research investments should prioritize foundational geographic
gaps before addressing higher-order methodological and standardization challenges.

Figure 8. Research gaps pyramid for soil contamination assessment at Pb–Zn slag sites, organized by
priority level from foundational geographic gaps to methodological and standardization priorities.

4.4. Relevance to Kazakhstan and Central Asia

The findings of this review have direct implications for environmental management
in Kazakhstan. The Shymkent region hosts one of Central Asia’s largest Pb–Zn smelting
complexes, with slag deposits accumulated over several decades of intensive industrial
activity [142]. However, the methodological toolkit used globally—including GIS-based
spatial risk mapping, PMF source apportionment, US EPA health risk frameworks, and
predictive transport modeling—has not been applied systematically in this context.

The geographic bias toward Chinese and European study sites, while reflecting gen-
uine disparities in research capacity, also suggests that established assessment methods
developed in these contexts may require adaptation to the specific soil types, climate condi-
tions, and regulatory frameworks of Kazakhstan and Central Asia. The semi-arid climate
of the Shymkent region, for example, differs substantially from the humid subtropical
conditions prevalent in Chinese study sites [143–145], potentially affecting metal mobility,
bioavailability, and remediation efficacy in ways not captured by existing models [146].

4.5. Limitations of the Review

This review has several limitations that should be acknowledged. The literature
search was restricted to three databases—Dimensions, PubMed, and OpenAlex—which,
while complementary, may have excluded relevant studies indexed in Russian-language
databases such as eLIBRARY.ru (https://elibrary.ru/, accessed on 10 April 2026) or regional
Central Asian repositories or regional Central Asian repositories. Although Dimensions
and OpenAlex have demonstrated comparable bibliometric coverage to Scopus and Web of
Science [56,57], excluding these two databases is a limitation, and future reviews should
incorporate them to ensure comprehensive retrieval. This limitation is particularly relevant
given the research gap identified in Kazakhstan, where substantial technical literature may
exist in Russian but was not captured by the English-language search strategy employed.

The screening and data extraction process was conducted by a single reviewer, which
introduces the possibility of selection bias despite the use of predefined eligibility criteria.
Additionally, reliance on abstract-level assessment in studies without accessible full texts
may have led to misclassification of borderline cases. Future reviews should employ dual-
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reviewer screening and explicitly search Russian-language databases to improve coverage
of Central Asian literature.

Although a basic methodological quality appraisal was conducted (Section 2.6), it
does not constitute a formal risk-of-bias assessment as defined for systematic reviews. The
appraisal criteria were adapted from general environmental research quality principles
rather than a validated quality assessment tool specific to environmental contamination
studies. Development of standardized quality appraisal instruments for environmental
assessment studies remains a need in the field.

Additionally, bibliometric co-occurrence analysis (e.g., using VOSviewer version 1.6.20
(Leiden University, Leiden, The Netherlands)) was not conducted in this review, as the
primary objective was evidence mapping of assessment methods rather than bibliometric
network visualization. A keyword co-occurrence analysis linking terms such as “lead-
zinc slag,” “human health risk,” and “Kazakhstan” would provide valuable insight into
thematic clusters and emerging research fronts, and is recommended as a complementary
analysis in future studies.

Regarding future research priorities, three directions emerge as most pressing from
the evidence synthesized in this review. First, standardized protocols for environmen-
tal assessment specifically applicable to Pb–Zn slag-contaminated soils should be devel-
oped at the international level to enable cross-site comparability. Second, longitudinal
monitoring of Pb, Zn, and Cd migration under arid and semi-arid conditions repre-
sentative of Central Asia is critically needed, as dust-driven dispersal pathways remain
poorly characterized in the global literature. Third, Kazakhstan-specific soil quality stan-
dards for slag-contaminated sites should be established, adapting international frameworks
(e.g., Chinese GB 36600-2018, US EPA RSL) to regional geochemical and regulatory contexts.

4.6. Policy Implications

The findings of this scoping review carry several practical implications for envi-
ronmental policy and governance, particularly in Kazakhstan and Central Asia. First,
the documented absence of peer-reviewed environmental assessments for the Shymkent
slag-contaminated area underscores the urgent need for nationally mandated baseline
monitoring programs aligned with international standards. Regulatory authorities in
Kazakhstan should prioritize developing soil quality standards specifically applicable to
metallurgical slag sites, drawing on the Chinese GB 36600-2018 and European ANZECC
frameworks identified in the included studies.

Second, the methodological diversity documented in this review suggests that a tiered
assessment approach would be most appropriate for resource-limited Central Asian set-
tings. Rapid screening using portable XRF, followed by confirmatory ICP-MS analysis and
GIS-based spatial risk mapping, represents a cost-effective and internationally validated
pathway for initial site characterization [147–149]. This approach has been successfully
deployed in comparable industrial contexts in China, Poland, and Brazil [148,150,151].

Third, the consistent identification of children as the highest-risk population, absorbing
significantly more lead than adults [152], across human health risk assessments reinforces
the need for targeted public health interventions near slag-contaminated sites, including
blood lead level surveillance programs [153] and restrictions on agricultural land use
within defined contamination radii. Such measures are directly supported by the evidence
synthesized in this review and align with WHO guidelines for preventing lead exposure,
which recommend identifying and eliminating sources of exposure [154].

Specifically, the PMF (Positive Matrix Factorization) source apportionment model,
identified as one of the most effective tools for distinguishing industrial from natural
pollution sources (Section 3.4.4), should be prioritized by Kazakhstani environmental
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agencies to quantify the relative contribution of the Shymkent lead plant versus natural
geogenic background to current soil contamination levels. This distinction is critical for
establishing legal liability and allocating remediation costs between the state and industrial
operators. Furthermore, predictive transport models such as Hydrus-1D version 4.xx
(PC-Progress, Prague, Czech Republic) should be applied to forecast long-term metal
migration under the semi-arid climatic conditions specific to southern Kazakhstan, enabling
proactive rather than reactive contamination management. The adoption of GIS-based
spatial risk mapping would enable regulatory authorities to delineate exclusion zones
around slag deposits and to establish evidence-based land-use restrictions, particularly for
residential and agricultural development, within contamination radii identified through
kriging interpolation.

Finally, the review highlights the importance of integrating environmental assessment
data into remediation planning and land-use decision-making. Policymakers should
require comprehensive multi-method environmental assessments—encompassing chemical,
spatial, and biological indicators—to be completed prior to any residential, agricultural, or
industrial development on or adjacent to former smelting sites.

5. Conclusions
This scoping review systematically mapped the global evidence base on soil contami-

nation from Pb–Zn slag and associated smelting activities, identifying 56 peer-reviewed
studies published between 2010 and 2025 that employed environmental assessment meth-
ods relevant to this context. The findings address three core objectives: characterizing the
scope of contamination, mapping assessment methodologies, and identifying research gaps
with particular relevance to Kazakhstan and Central Asia.

The review confirms that Pb–Zn slag and smelter emissions are persistent and
widespread sources of soil contamination, with elevated concentrations of Pb, Zn, Cd,
and As that consistently exceed national and international regulatory thresholds across
all study regions. Cadmium was identified as the primary ecological risk driver in the
majority of reviewed studies, largely attributable to its high toxicity response coefficient
(Tr = 30) in the widely used Hakanson [59] framework and its elevated mobility under
acidic soil conditions. However, this finding is partly dependent on the toxicity coefficient
system employed, and site-specific risk rankings may vary when alternative weighting
schemes are applied [85]. At the same time, lead posed the greatest human health risk, par-
ticularly for children, through soil ingestion. These findings align with global assessments
of the hazards posed by metallurgical waste and underscore the urgency of systematic
environmental monitoring at Pb–Zn slag-contaminated sites [155].

The methodological landscape has diversified substantially over the review period.
Pollution indices, ecological risk assessment, human health risk frameworks, and GIS-based
spatial analysis constitute the dominant assessment toolkit, applied in 50–73% of included
studies. The increasing integration of source apportionment models (PMF, PCA), probabilis-
tic risk assessment (Monte Carlo simulation) [66,156], and predictive transport modeling
(Hydrus-1D version 4.xx (PC-Progress, Prague, Czech Republic)) reflects a maturation
toward more holistic, policy-relevant assessment frameworks [157]. Emerging biological
assessment methods—including microbial community analysis, phytotoxicity bioassays,
and enzymatic biomarkers—complement chemical approaches by providing integrative
measures of ecosystem health that indices alone cannot capture [140,158].

Despite this progress, three critical gaps were identified. First, Central Asia and Kaza-
khstan are absent from the peer-reviewed literature, despite hosting one of the region’s
largest Pb–Zn smelting complexes in Shymkent, with documented soil lead concentrations
that exceed regulatory limits by orders of magnitude [52,105]. This represents both a sci-
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entific gap and a public health concern requiring immediate attention. Second, predictive
modeling of metal transport and fate under varying environmental conditions remains
underrepresented in slag-specific contexts, limiting the capacity for evidence-based re-
mediation planning and climate change adaptation. Third, the absence of standardized
international protocols for slag-contaminated site assessment impedes cross-study compa-
rability and policy translation across jurisdictions [117,159].

These findings carry direct implications for environmental governance in Kaza-
khstan. The methodological frameworks documented in this review—spanning spatial
risk mapping, probabilistic health assessment, isotope-based source tracing, and biologi-
cal monitoring—provide a validated toolkit that can be systematically applied to Pb–Zn
contaminated sites in the Shymkent region. Future research should prioritize: (1) baseline
environmental assessment of slag-contaminated soils in Kazakhstan using internationally
standardized methods; (2) development of predictive models calibrated to the semi-arid
climatic conditions of Central Asia; (3) integration of Russian-language literature and
regional databases to capture existing but inaccessible evidence; and (4) establishment of
long-term monitoring programs to track metal mobility and ecosystem recovery over time.

This scoping review provides a structured evidence map that can guide researchers,
environmental managers, and policymakers in designing comprehensive assessment pro-
grams for Pb–Zn slag-contaminated sites, with particular relevance to the underserved
Central Asian context.
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ABSTRACT 

Soil contamination by heavy metals is a significant environmental problem that adversely affects soil 

systems and human health. However, integrated assessments that combine spatial distribution analysis, 

microstructural characterization, and economic damage evaluation remain limited for industrial cities 

such as Shymkent. This study aims to provide a comprehensive environmental assessment of heavy metal 

contamination in urban soils through a combined geochemical, microscopic, and economic approach. Soil 

and slag samples were collected along a transect at distances of 0–1000 m from a metallurgical waste 

source and analyzed using Scanning Electron Microscopy (SEM), X-Ray Diffraction (XRD), and Atomic 

Absorption Spectroscopy (AAS). The results revealed elevated concentrations of Pb, Zn, Cu, and Fe 

exceeding regulatory limits, with a clear decrease in concentration with increasing distance from the 

pollution source. Strong positive correlations among heavy metal concentrations indicate a common 

anthropogenic origin and synchronous migration within the soil profile. The economic assessment, based 

on a standardized national methodology, showed that the total environmental damage exceeds 750 million 

KZT per year, with iron and lead contributing most significantly to the overall impact. The novelty of this 

study lies in the integration of spatial analysis, microstructural investigation, and economic evaluation, 

providing new insights into the relationship among contamination distribution, migration processes, and 
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economic consequences. The results provide a scientific basis for environmental risk assessment, soil 

remediation planning, and sustainable urban land management in industrial regions. 

Keywords-soil cover; sustainable development; heavy metals; environmental assessment; soil pollution; 

economic damage assessment   

I. INTRODUCTION  

Soil contamination from anthropogenic waste has a 
significant negative impact on the environment, leading to soil 
quality degradation and reduced biological productivity [1]. In 
this study, soil cover refers to the upper layer of the Earth’s 
crust composed of mineral particles, organic matter, water, and 
air, which functions as a dynamic system supporting 
ecosystems and regulating pollutant migration. Long-term 
exposure to industrial activities, particularly metallurgical 
operations, results in the accumulation of heavy metals in soils, 
suppressing vegetation growth and increasing the risk of 
secondary contamination through leaching and pollutant 
transport processes [2]. Previous studies have reported average 
heavy metal concentrations reaching 27.9 ± 0.7 times the 
Maximum Permissible Concentration (MPC), mainly due to the 
historically intensive development of lead–zinc metallurgy and 
the use of outdated industrial technologies [3]. Rapid expansion 
of metallurgical production in the region occurred during 
periods when environmental regulations were limited or absent, 
contributing substantially to present-day contamination levels 
[4]. Heavy metals such as cadmium (Cd) and lead (Pb) are of 
environmental concern because of their toxicity, persistence, 
and ability to accumulate in soils and food chains [5, 6]. 
Continuous accumulation of metallurgical waste further 
increases the environmental burden on soil systems and 
intensifies the risk of secondary pollution through alkalization 
and migration of contaminants [7]. Among the most hazardous 
pollutants are Pb, Cd, Zn, and Cu due to their high mobility and 
ecological toxicity. Mineralogical investigations have shown 
that metallurgical slags mainly consist of fayalite (Fe₂SiO₄), 
magnetite (Fe₃O₄), olivine-group minerals, zinc ferrite 
(ZnFe₂O₄), sulfides, and Pb- and Zn-bearing phases, together 
with both crystalline and amorphous components [8].  

X-Ray Diffraction (XRD) research has indicated that the 
amorphous phase content in slag materials ranges from 20% to 
40% [9, 10]. In pyrometallurgical lead production, slag 
generated during concentrate smelting typically contains 0.3%–
3% Pb, 3%–12% Zn, 25%–45% Fe, and 20%–35% SiO₂, with 
formation temperatures ranging between 1200°C and 1400°C 
[11]. Gas-cleaning systems associated with metallurgical 
operations also produce dust-rich wastes containing volatile Pb 
and Zn compounds, with Zn concentrations ranging from 20%–
60% and Pb concentrations from 5%–25% [12]. In 
hydrometallurgical processes, zinc slag leaching with sulfuric 
acid produces residues enriched with insoluble Pb, Ag, and Fe 
compounds, typically containing 8%–15% Pb and 1%–5% Zn. 
Additional by-products, such as gypsum cake, are formed 
during zinc solution purification and contain calcium sulfate 
mixed with heavy metal impurities [13]. Globally, 
metallurgical industries generate approximately 2–2.5 billion 
tons of waste annually. Ferrous metallurgy contributes around 
1.8 billion tons per year, while non-ferrous metallurgy accounts 
for approximately 0.2–0.3 billion tons [14]. Asia is responsible 

for nearly 60% of global metallurgical waste production, 
followed by Europe (20%) and North America (15%). China 
alone contributes approximately 40% of global metallurgical 
waste generation due to the rapid expansion of its metallurgical 
industry [15]. 

Despite the extensive body of research on heavy metal 
contamination, previous studies have primarily focused either 
on assessing pollutant concentrations or on developing 
remediation techniques. However, integrated approaches that 
combine spatial distribution analysis, microstructural 
characterization, and economic damage assessment remain 
limited, particularly for industrial cities such as Shymkent. 
Therefore, this study aims to provide a comprehensive 
environmental assessment of heavy metal contamination in the 
soil cover of Shymkent by integrating geochemical analysis, 
microstructural characterization, and economic evaluation. 
Specifically, the study investigates heavy metal concentrations 
at different distances from a metallurgical waste source, 
examines their spatial distribution and migration patterns, 
analyzes the microstructural properties of slag and soil 
samples, evaluates relationships among heavy metal 
concentrations, and estimates the associated environmental and 
economic damage. The novelty of this work lies in the 
application of an integrated methodological framework that 
combines field observations, laboratory analyses, and 
economic assessment to achieve a holistic understanding of 
heavy metal pollution in an industrial urban environment. The 
findings contribute to the development of scientifically 
grounded strategies for soil remediation, environmental 
monitoring, and sustainable urban land management. 

II. MATERIALS AND METHODS 

The study was conducted in the industrial zone of 
Shymkent, which is historically associated with lead–zinc 
metallurgical activities (Figure 1). Sampling was carried out in 
May–June 2024 in the zone affected by metallurgical waste 
(slag dumps). 

 

 
Fig. 1.  Map of the study area with sampling locations (adapted from 

Google Maps). 
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TABLE I.  CHARACTERISTICS OF SAMPLES 

Sample 

code 

Sampling 

places from 

sources 

DMS coordinates Sampling size pH 

N E   

A 1 0 m 42°18′43″ 69°31′29″ 50 mm-150 mm 7.5-8 

A 2 50 m 42°18′40″ 69°31′39″ 50-150 mm 7.6-8.1 

A 3 100 m 42°18′39″ 69°31′41″ 10 mm-30 mm 7.6-8.2 

A 4 200 m 42°18′37″ 69°31′47″ 10 mm-30 mm 7.7-8.3 

A 5 500 m 42°18′35″ 69°31′51″ 5 mm-20 mm 7.7-8.4 

A 6 1000 m 42°18′33″ 69°31′59″ 5 mm-20 mm 7.8-8.5 

 

Sample preparation was carried out in accordance with 
[16]. The samples were pre-dried in drying cabinets at 105°C 
and then ground to a size of 0.1 mm in a grinding mill. 
Measurements were carried out at element-specific 
wavelengths (e.g., Pb: 217 nm; Zn: 213.9 nm; Cu: 324.8 nm). 
The Limits of Detection (LOD) for the analyzed elements 
ranged from 0.001 to 0.01 mg/kg, depending on the element. 
The concentrations of heavy metals (Pb, Zn, Cu, Fe) were 
determined using AAS (ContrAA 300). Measurements were 
carried out at element-specific wavelengths (Pb: 217 nm; Zn: 
213.9 nm; Cu: 324.8 nm). The LOD ranged from 0.001 to 0.01 
mg/kg depending on the element. Microstructural analysis of 
slag and soil samples was performed using SEM (JSM-
6490LV, JEOL, Japan). The analysis was conducted at an 
accelerating voltage of 15 kV–20 kV in Backscattered Electron 
(BSE) mode. The obtained images were used to evaluate the 
morphology, porosity, and phase distribution of the samples. 
Quality control procedures included the analysis of Certified 
Reference Materials (CRM), procedural blanks, and duplicate 
samples. All measurements were performed in five replicates. 
The recovery rates for heavy metals ranged from 92% to 105%, 
indicating acceptable analytical accuracy. The Relative 
Standard Deviation (RSD) did not exceed 5%, confirming good 
precision of the measurements. Statistical processing of the 
data was performed using descriptive statistics (mean and 
standard deviation) and Pearson correlation analysis to assess 
the relationships between heavy metal concentrations. The 
significance of the correlations was evaluated at a confidence 
level of p < 0.05. In addition, the obtained concentrations were 
compared with MPC to assess the level of soil contamination. 

The economic damage caused by environmental pollution 
is estimated using a standardized calculation method that 
combines pollutant emissions and regulatory coefficients. The 
calculation is performed in accordance with the methodology 
approved by the Government of the Republic of Kazakhstan for 
environmental damage assessment [17]. The model 
incorporates parameters such as pollutant mass, regulatory 
limits, emission duration, and environmental risk coefficients. 
All variables used in the calculation are defined in: 

� = ( ����� − ��	
�) ∙ 3600/1000000 ∙ �� ∙ � ∙ 2.2��� ∙

10 ∙ �� ∙ ��     (1) 

where �  is the economic damage indicator, �����  is the 

actual emission rate of pollutants, ��	
�  is the regulatory 
emission rate, ��  is the hazard coefficient of pollutant i (1/ 

MPC), �  is the operating time (h/year), ���  is the monthly 
calculation index (KZT), 10 is the increasing coefficient, �� is 
the coefficient accounting for environmental conditions, and �� 
is the coefficient of possibility of environmental consequences. 
All parameters were selected in accordance with national 
regulatory guidelines, ensuring the consistency and 
comparability of the obtained results. 

III. RESULTS AND DISCUSSION 

The chemical compositions of the samples are outlined in 
Table II. 

TABLE II.  CHEMICAL COMPOSITION OF THE SAMPLES 

Average amount of slag 

components 

Average content of oxide and sulfide 

compounds in slag 
Formula % Formula % 

Na 2.28±0.11 Na2O 2.58±0.18 

Mg 1.88±0.02 MgO 3.45±0.085 

Al 2.89±0.02 Аl2Оз 5.56±0.13 

Si 0.85±0.0002 SiО2 25.12±1.21 

K 0.89±0.001 К2О 1.17±0.04 

Ca 9.94±0.24 СаО 12.80±0.31 

Ti 014±0.0001 TiО2 0.29±0.005 

Cr 0.05±0.0 Сг2O3 0.07±0.0003 

Mn 0.46±0.001 МnО2 0.76±0.002 

Fe 26.98±1.11 Fe2O3 37.9±1.22 

Cu 1.16±0.0035 СuО 0.55±0.003 

Zn 3.95±0.18 ZnO 3.65±0.004 

Pb 0.27±0.003 ZnS 1.48±0.003 

 

The main metal content of lead-zinc residues, as depicted in 
Table II, is Pb 2%-8%, Zn 3%-12%, Cu 0.5%-3%, Fe 15%-
25%, Ag 10 g/t-150 g/t, Bi 0.01%-0.5%, Sb 0.1-2%, Sn 0.05%-
0.3%, and Cd 0.01%-0.1%. It was found that non-metallic 
components include: SiO₂ 25%-40%, Al₂O₃ 8-15%, CaO 10%-
20%, MgO 2%-6%, Fe₂O/FeO 20%-35%, SO2 1%-5%, and 
P₂O₅ 0.1%-0.8%. Physical properties include density from 2.8 
g/cm3 to 3.5 g/cm3, particle sizes from 0.1 mm to 50 mm, dark 
grey to black color, sometimes metallic luster, vitreous or 
crystalline or a mix of both, and a porosity of 15-40%. Figure 2 
illustrates the microstructure and elemental composition of the 
obtained samples. 

According to the obtained results, the residual minerals 
identified in the samples included pyroxenes, olivine, melilite, 
magnesioferrite, zincoferrite, galena (PbS), sphalerite (ZnS), 
magnetite, hematite, and zinc. 

Figure 3 presents the analysis of the sample matrix and its 
mineralogical composition. Correlation analysis revealed an 
extremely high positive linear relationship between the 
concentrations of Pb, Zn, Cu, Ni, As, Hg, Cr, and Cd at 0-1000 
m from the source of contamination. This indicates the almost 
synchronous nature of the change in the content of all studied 
elements within the considered zone. The distribution profile of 
the elements was derived from the obtained correlation 
coefficients. The highest correlation coefficient values (r ≈ 
0.9998–1) were found for the Pb–Cd, Cd–Cu, Ni–As, and Zn–
As pairs. 
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(a) 

 

(b) 

 

(c) 

 

(d) 

 

(e) 

 

(f) 

 

Fig. 2.  Mineralogical and elemental composition of the samples: (a) – A1 sample, (b) – A2 sample, (c) – A3 sample, (d) – A4 sample, (e) – A5 sample, and (f) 

– A6 sample. 
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The minimum values (r ≈ 0.9982–0.9988) recorded for 
combinations of Hg–Cr, Cr–Cd, and Pb–Cr also remain 
statistically significant. They are extremely high and do not 
reflect significant geochemical differentiation. The extremely 
high correlation coefficients (r ≈ 0.999–1) can be explained by 
the common anthropogenic source of contamination 
(metallurgical waste), leading to synchronous deposition and 
migration of heavy metals in the soil. In 2022, the institution 
had to pay the state a fine of 1322762.3 tenge for 
52.664358912 tons of harmful emissions into the environment 
allocated from the technological process. This amount is the 
cost of environmental damage caused to the atmosphere in 
financial terms. According to the previous service of the 
institution for this number of fines, Standard Steel KZ LLP 
would have to pay 144716685.8 tenge per year for 5761.7 tons. 
The economic assessment of environmental damage (U) is 
portrayed in Table III. 

 

 
Fig. 3.  Correlation matrix of heavy metal intake. 

TABLE III.  CHARACTERISTICS OF SAMPLES 

The 

pollutant 
��� ! (t/year) �#$%& (t/year) 

Difference 

(t/year) 

U (million 

tenge/year) 

Pb 5761,7 0 5761,7 87.3 

Zn 3785 0 3785 57.3 

Cu 1475 0 1475 22.3 

Fe 38560 0 38560 584.6 
 

IV. CONCLUSIONS 

This study provides a comprehensive environmental 
assessment of heavy metal contamination in the soil cover of 
Shymkent, synthesizing geochemical analysis, microstructural 
characterization, and economic evaluation. The findings 
demonstrate that metallurgical waste creates a distinct 
geochemical anomaly, where heavy metals such as Pb, Zn, Cu, 
and Fe are distributed synchronously within a 1000 m radius of 
the pollution source. The obtained data confirm elevated 
concentrations of heavy metals in the topsoil layer, exceeding 
permissible limits and indicating a strong anthropogenic impact 
associated with long-term industrial activity. Correlation 
analysis revealed a high positive relationship between the 
studied elements, suggesting a common source of 

contamination and similar migration mechanisms in the soil 
profile. The economic assessment indicates that environmental 
damage from heavy metal pollution is substantial, exceeding 
750 million KZT per year, with iron and lead contributing the 
most significantly to the total impact. These findings highlight 
the importance of prioritizing the specific elements in 
remediation and monitoring strategies. The novelty of this 
study lies in the integration of spatial analysis, microstructural 
investigation, and economic evaluation, providing a holistic 
understanding of contamination processes in an industrial 
urban environment. Finally, these outcomes have practical 
implications for environmental management, including the 
development of targeted soil remediation strategies, 
optimization of monitoring systems, and support for decision-
making in urban land use planning. 
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Abstract

Reprocessing historical lead–zinc (Pb–Zn) slag offers a circular-economy pathway for sec-
ondary metal recovery, yet it can remobilize legacy contaminants where containment is
inadequate, transferring risk to the surrounding land. Sustainable management of such
sites requires frameworks that link contamination assessment to actionable remediation. We
integrated ICP-OES geochemistry, native-plant biomonitoring, and US EPA RAGS-based
risk modeling at an active Pb–Zn slag reprocessing site in Shymkent, Southern Kazakhstan.
Twenty-four soil samples along four cardinal transects, two reference samples, and four
composite plant samples (Centaurea pseudosquarrosa + Plantago lanceolata) were analyzed for
ten metals by ICP-OES. UCC-referenced indices classified six metals as geoaccumulation
Class 6 at most points (enrichment factors up to 90,871, confirming an exclusively anthro-
pogenic origin). Peak concentrations reached 9350 mg·kg−1 Pb, 290 mg·kg−1 Cd, and
10,900 mg·kg−1 As—exceeding Kazakhstan MPC by 72×, 290×, and 5450×. Worst-case
carcinogenic risk reached 4.3 × 10−3 (43× above the US EPA threshold), driven almost
entirely by arsenic (93%); ecosystem risk (RCRtotal = 223) was dominated by cadmium (43%),
arsenic (27%), and mercury (16%)—a disconnect between mass-based and toxicity-based
prioritization. On this basis we propose a three-tier remediation framework (engineered
containment, phytostabilization, monitored attenuation) that couples resource recovery
with contamination control, is transferable to analogous Pb–Zn legacy sites, and supports
sustainable land use, urban resilience, and responsible secondary-resource use.

Keywords: heavy metal contamination; circular economy; contaminated site management;
risk assessment; phytostabilization; ecological risk; arsenic; cadmium; slag reprocessing;
Central Asia

1. Introduction
Reprocessing historical lead–zinc (Pb–Zn) slag remains a globally significant environ-

mental challenge. Slag heaps and tailings impoundments, accumulated over decades of
pyrometallurgical operations, act as persistent metal reservoirs, releasing Pb, Zn, Cd, As,
and Hg into surrounding soils via wind-driven particle transport, surface runoff, and slow
leaching into groundwater [1–3]. Although secondary recovery of residual metals from
such slags is increasingly recognized as a circular-economy opportunity [4,5], reprocessing
operations can remobilize legacy contaminants if dust suppression, runoff control, and
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surface stabilization are inadequate [6,7]. This duality—slag as both a valuable secondary
raw material and a chronic source of soil-borne metal release—underscores the need for
site-specific environmental assessment as an integral component of any reprocessing pro-
gram. Where engineered containment, dust control, and runoff management are absent
or insufficient, the same operations that close the metal loop can paradoxically extend the
contamination footprint of the original smelting legacy, transferring risk from the heap
itself to surrounding agricultural and residential land.

Southern Kazakhstan, specifically the Turkestan Region, hosts the Achisai polymetal-
lic ore field and the Shymkent lead–zinc processing complex, together forming one of
the largest concentrations of Pb–Zn metallurgical legacy in Central Asia [8]. The former
Shymkent lead plant operated for about seven decades before Yuzhpolymetal JSC closed in
2012, leaving an uncontained slag heap that remains subject to aeolian dispersion under
the semi-arid climate [6,8]. For regional context, the neighboring single-industry town
of Kentau, 60 km to the south, which shares the same Pb–Zn ore–processing legacy, still
had elevated soil Pb and Cd levels after more than two decades of passive recovery [9],
underscoring the persistence of smelter contamination across the Turkestan Region. Recent
assessments across Kazakhstan have likewise documented elevated soil heavy-metal bur-
dens at industrial and urban sites [10,11], and Monte Carlo-based health risk modeling in
comparable Pb–Zn mining areas confirms cadmium and arsenic as dominant carcinogenic
risk drivers despite the conventional emphasis on lead [12].

To contextualize analytical data from such legacy sites, six complementary normalized
indices are conventionally used. The contamination factor (CF) and the geoaccumulation
index (Igeo) express contamination relative to a geochemical background; the enrichment
factor (EF) distinguishes anthropogenic enrichment from lithogenic input; the pollution
load index (PLI) and the modified degree of contamination (mCd) summarize multi-element
loading; and the potential ecological risk index (RI) translates these into an integrated
ecosystem-hazard score [13]. In situ phytoindication, based on tissue concentrations in
native vegetation, provides independent biological validation of geochemical findings and
identifies candidate species for phytostabilization [14].

Existing assessments of the Achisai–Kentau metallurgical corridor have examined
individual aspects—soil chemistry, atmospheric deposition, or human exposure—in iso-
lation. The present study integrates ICP-OES geochemistry along four cardinal-direction
transects, a six-index pollution framework referenced to the upper continental crust (UCC),
composite plant-tissue biomonitoring of two native species (Centaurea pseudosquarrosa and
Plantago lanceolata), and US EPA RAGS-based health and ecosystem risk modeling into a
single, site-specific analysis. To our knowledge, this combination has not been applied
previously at the Shymkent slag reprocessing site, and the resulting framework is directly
transferable to analogous Pb–Zn legacy reprocessing sites across Central Asia and globally.
By translating contamination evidence into a tiered remediation strategy that reconciles
secondary-resource recovery with contamination control, the study addresses the sus-
tainability dimension of slag reprocessing and contributes directly to the United Nations
Sustainable Development Goals on good health and well-being (SDG 3), sustainable cities
and communities (SDG 11), responsible consumption and production (SDG 12), and life on
land (SDG 15).

The specific objectives of this study were therefore to: (i) quantify Pb, Zn, Cd, Cu,
As, Hg, Cr, Ni, Mn, and Fe concentrations in soils along four cardinal-direction transects
(0–100 m) and at two distal reference points (300 m and 1.5 km) at an active Pb–Zn slag
reprocessing site in Shymkent, Southern Kazakhstan; (ii) classify the resulting contamina-
tion using six complementary geochemical indices (CF, Igeo, EF, PLI, mCd, RI) referenced
to the upper continental crust; (iii) characterize community-level metal uptake in two na-
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tive species (Centaurea pseudosquarrosa and Plantago lanceolata) via the bioconcentration
factor; (iv) quantify human-health and ecosystem risks using US EPA RAGS and REACH
PNEC-based RCR frameworks; and (v) translate the integrated evidence into a site-specific,
three-tier remediation prioritization framework transferable to analogous Pb–Zn legacy
reprocessing sites in Central Asia and globally.

Comparable site-resolved assessments of Pb–Zn smelter and slag-reprocessing legacy
contamination have been reported across multiple continents. Yang et al. [15] characterized
the distribution of heavy metals in topsoil around a Pb–Zn smelter in Henan Province
(Central China), reporting Pb, Cd, and As enrichment levels that consistently exceeded
national risk-screening thresholds. Ettler et al. [16] used Pb isotopic evidence to trace the
dispersal of contamination in stream sediments from the Příbram mining and smelting
district (Czech Republic), demonstrating that smelter-derived Pb persists in the fluvial
environment decades after operational closure. Angelovičová et al. [17] documented sup-
pression of soil enzymatic activity in the Middle Spiš mining area (Slovakia), and Tembo
et al. [18] quantified Cu–Pb–Cd–Zn contamination around the Kabwe smelter (Zambia)—a
site that consistently ranks among the world’s most polluted urban environments. More
recently, Wang et al. [19] applied Monte Carlo simulation to characterize health risks in the
Xicheng Pb–Zn mining area (China), identifying Cd and as dominant carcinogenic drivers
despite a smaller absolute Pb burden. In post-Soviet Central Asia, Junusbekov et al. [9] doc-
umented elevated heavy-metal levels in soils around the Kentau Pb–Zn complex (~150 km
north of Shymkent), Tleuova et al. [20] reported hydrogeological controls on heavy-metal
mobility in Southern Kazakhstan, and Faurat et al. [10] characterized snow–soil–vegetation
transfer of heavy metals in an industrial city in Kazakhstan. Across these geographically
diverse cases, three recurring patterns emerge: (i) the spatial footprint of contamination
consistently extends well beyond the immediate slag-deposit perimeter; (ii) Cd and As,
rather than the more abundant Pb and Zn, often dominate human-health and ecosystem
risk; and (iii) integrated assessments combining geochemistry, plant biomonitoring, and
quantitative risk modeling remain rare relative to single-component studies. The present
study addresses this last gap for the Achisai–Shymkent corridor of Central Asia, which to
date has been examined only through fragmented single-aspect assessments [11].

2. Materials and Methods
2.1. Study Area

The study was conducted at and around an active lead–zinc slag reprocessing facility
in Shymkent, Southern Kazakhstan (42.30◦ N, 69.58◦ E; Figure 1). The site lies within the
semi-arid Turkestan Region (Köppen BSk), which has a strongly continental climate with a
mean annual precipitation of about 400 mm and prevailing easterly and westerly winds
that control the directional dispersion of contaminated dust from the slag heap [6,8].

The slag heap occupies a substantial fraction of the former Shymkent lead-smelting
site and consists primarily of fine-grained (0.5–15 mm), dark gray to black, granular par-
ticles. Non-ferrous smelting slags of this type are characterized by complex mineralogy
(pyroxenes, olivine, melilite, magnetite, residual galena, and sphalerite) and by the capacity
to release Pb, Zn, and Cd upon weathering, with release rates sensitive to particle size
and pH [21]. SEM-EDS analysis (JEOL JSM-6490LV, Tokyo, Japan) confirmed the presence
of PbS, ZnS, ZnO, PbO, and Fe2O3 phases. Slag pH ranged from 7.5 to 8.5. The Badam
River flows approximately 20 m west of the facility boundary, providing a potential path-
way for metal transport into the aquatic environment [20]. In the reach adjacent to the
slag-reprocessing site, the Badam River is a shallow mid-order stream characteristic of the
semi-arid Turkestan piedmont, with seasonally variable hydrology typical of foothill rivers
in Southern Kazakhstan [20]. Water depth and channel width vary substantially between
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the dry season and the spring snowmelt freshet (April–May), with deeper and wider flow
conditions during the freshet that increase the river’s capacity to mobilize and transport
fine particulate material delivered from adjacent upland surfaces. Hydrogeologically, the
site overlies a shallow Quaternary alluvial aquifer hosted in poorly sorted gravels and
sands of relatively high effective porosity, which provides limited natural attenuation
capacity for dissolved metal species [20]. Two principal pathways for heavy-metal migra-
tion from the slag heap to the aquatic environment are therefore operative: (i) episodic
high-intensity precipitation events generate surface runoff that can transport fine slag
particulates and metal-bearing leachate across the unprotected slag-heap perimeter toward
the riverbank within hours; and (ii) slow vertical infiltration through the vadose zone may
deliver dissolved Cd, Zn, and other mobile species to the underlying shallow aquifer, with
subsequent baseflow discharge to the river over longer timescales. These hydrogeological
conditions, combined with the absence of an engineered containment liner beneath the
slag heap, define the principal exposure pathways for off-site metal migration and provide
the geomorphological rationale for the riverbank-directed (westward) component of the
transect sampling design used in this study.

Figure 1. Location of the Pb–Zn slag reprocessing site in Shymkent, Southern Kazakhstan (42.30◦ N,
69.58◦ E). The main map (1:30,000) shows: (a) soil sampling locations along four cardinal-direction
transects at 0, 1, 5, 10, 50, and 100 m from the slag heap perimeter, color-coded by direction
(blue = north, green = east, orange = south, magenta = west); (b) reference soil samples at 300 m
and 1.5 km distance (white squares); (c) plant-tissue sampling locations (white triangles); (d) impact
zones delineated by estimated contamination extent (200 m, 500 m, 1000 m buffer rings); (e) key
infrastructure including the Badam River, roads, and administrative district boundaries. The inset
photograph (lower left) documents slag heap surface morphology and sampling access points. The
location inset (upper right) indicates the site position within Kazakhstan. District names (Abay, Turán,
Al-Farabi, Yenbekshinsky, Karatausky) and administrative landmarks provide geographic context.
See Section 2.2 for detailed sampling-design rationale and Section 2.1 for site hydrogeological and
geomorphological context.

https://doi.org/10.3390/su18136742

https://doi.org/10.3390/su18136742


Sustainability 2026, 18, 6742 5 of 21

2.2. Soil and Vegetation Sampling

Soil and plant tissue samples were collected on 24 April 2026 in accordance with
GOST R 58595-2019 (soil sampling) [22], GOST 17.4.3.01-2017 [23] (general sampling re-
quirements), and GOST 17.4.4.02-2017 (sample preparation) [24]. Twenty-four soil samples
(0–50 cm depth) were collected along four cardinal-direction transects (north, south, east,
west) at six distances from the slag heap perimeter: 0 m (transect origin at the heap edge),
1, 5, 10, 50, and 100 m (see Figure 1). Two reference soil samples were collected to character-
ize the local background: one at a 300 m radius outside the immediate slag-impact zone
(sample 267, hereafter Bg300), and one at a 1.5 km radius from the heap boundary.

Four composite plant-tissue samples were collected adjacent to each cardinal-direction
transect, comprising above-ground biomass of the two dominant native species—Centaurea
pseudosquarrosa Mikheev ex Gabrieljan et Mikheev (Asteraceae) and Plantago lanceolata L.
(Plantaginaceae)—pooled in approximately equal proportions to represent community-level
uptake. Plants were sampled within 1–10 m of the slag-heap perimeter in each direc-
tion. This community-level composite design characterizes the bulk above-ground canopy
burden but, by construction, does not resolve species-specific uptake; biological interpre-
tation of the plant data is therefore restricted to descriptive bulk-canopy observations
(Sections 4.3 and 4.5). The dataset thus comprised 26 soil samples (24 transect points +
2 reference points) and 4 composite plant-tissue samples.

Immediately after collection, soil and plant samples were placed in pre-cleaned,
double-bagged polyethylene containers, sealed, and individually labeled with sample iden-
tifier, date, GPS coordinates, transect direction, and distance from the slag-heap perimeter.
Samples were transported from the field to the accredited Analytical Laboratory of LLP
“KazEcoAnaliz” (Almaty, Kazakhstan) in insulated cooler boxes maintained at 4–8 ◦C
using frozen ice packs to prevent microbial alteration of organic matter and minimize
redistribution of mobile metal species between the sample and container surfaces during
transit. Samples were transferred to the laboratory under a documented chain of custody
and registered, weighed, and placed in temperature-controlled sample storage within 48 h
of collection. Field handling, packaging, and transport procedures complied with the
soil sampling requirements of GOST 17.4.4.02-2017 [24] and were consistent with the soil
sample storage and transport guidance of ISO 18512:2007 [25].

All samples were air-dried at 20–25 ◦C in a dust-free, dark environment to constant
mass (24–48 h), in accordance with the standard preparation protocol for total-element de-
termination of plant and soil matrices by ICP-OES (ISO 17294-2; EPA Method 3050B) [26,27].
After drying, samples were sieved to <2 mm following removal of coarse debris and root
material, and stored at +4 ◦C in sealed pre-cleaned containers pending acid digestion and
analysis. The same air-drying protocol was applied to both soil and plant matrices to
ensure analytical consistency; this approach is methodologically appropriate for total-metal
determination and does not introduce volatilization losses at the applied temperature range,
with the exception of trace mercury, for which a small loss cannot be excluded—however,
mercury concentrations in plant tissue were below the analytical detection limit at all
sampling locations (Section 3.3), so this constraint does not affect the reported results.

2.3. Chemical Analysis

Concentrations of As, Cd, Cr, Cu, Fe, Hg, Mn, Ni, Pb, and Zn in soil samples were deter-
mined by inductively coupled plasma optical emission spectrometry (ICP-OES; Shimadzu
ICPE-9000, Kyoto, Japan) after acid digestion, in accordance with method M 02-902-157-10.
Concentrations of the same elements in composite plant-tissue samples were determined
according to method PND F 16.1:2.3:3.11-98 after wet mineralization. All analyses were
performed during the period 27 April–5 May 2026 at the accredited Analytical Laboratory

https://doi.org/10.3390/su18136742

https://doi.org/10.3390/su18136742


Sustainability 2026, 18, 6742 6 of 21

of LLP «KazEcoAnaliz» (accreditation certificate KZ.T.02.1017, issued 25 February 2026,
valid for both methods and all ten target elements), Almaty, Kazakhstan, under Order
N◦23-26 (Test Protocols N◦23-01 and N◦23-02 dated 5 May 2026; reference background
protocol for the 1.5 km sample dated 5 May 2026, analyzed in the same calibration batch).
Analytical quality control was implemented in accordance with the laboratory’s ISO/IEC
17025-compliant internal procedures, including procedural blanks, analysis of certified
reference materials within each batch with element-wise recoveries falling within the
accreditation-defined acceptance limits (typically 80–120% for ICP-OES determinations),
and replicate determinations on selected samples with relative standard deviations below
10% for major elements and below 20% for trace elements near the limit of quantification.
Method detection limits were 0.2 mg·kg−1 for As and 0.1 mg·kg−1 for Hg in the plant
matrix; values below detection were assigned half the detection limit for downstream
calculations. Soil sample 260 (eastern transect, 100 m) returned matrix Fe (104 mg·kg−1)
and Zn (7.79 mg·kg−1) values one to two orders of magnitude below those of adjacent
samples on the same transect, most plausibly reflecting localized lithological heterogeneity
(e.g., a quartz- or carbonate-dominated micro-substrate); this sample was retained in con-
centration means but excluded from Fe-normalized enrichment factor calculations to avoid
artefactually inflated EF ratios.

2.4. Geochemical Pollution Indices

Six complementary indices were calculated to characterize single-element and ag-
gregate contamination; their formulas, classification thresholds, and the reference values
used in their calculation are consolidated in Table 1. The upper continental crust (UCC)
compilation of Rudnick and Gao [28] was selected as the primary geochemical reference
(Bn) over locally collected soils because both reference samples in the present study—at
300 m (Bg300) and 1.5 km (Bg1.5km)—showed elevated concentrations of at least one priority
element (Section 3.1), and were therefore treated as distance-resolved exposure references
rather than as a pristine geochemical baseline. Sample exceedance is reported against
Kazakhstan’s maximum permissible concentrations (MPC) for typical soils (Table 1), and
ecosystem risk in Section 2.6 against REACH-derived PNEC values for soil [29].

Table 1. Pollution indices, classification thresholds, and regulatory reference values applied in
this study.

Index/Reference Formula or Values Classification Thresholds Source

Contamination factor
(CF) CF = Cn/Bn

<1 low; 1–3 moderate;
3–6 considerable; >6 very
high

Hakanson [30]

Geoaccumulation index
(Igeo) Igeo = log2(Cn/1.5·Bn) Class 0 (≤0) unpolluted →

Class 6 (>5) extreme Müller [31]

Enrichment factor (EF) EF = (Cn/CFe)sample/
(Bn/BFe)bg

<2 minimal; 2–5 moderate;
5–20 significant; 20–40 very
high; >40 exclusively
anthropogenic

Sutherland [32]

Pollution load index (PLI) PLI = (CF1 × CF2 × . . . ×
CFn)ˆ(1/n) <1 unpolluted; >1 polluted Tomlinson et al. [33]

Modified degree of
contamination (mCd) mCd = (ΣCFi)/n

<1.5 nil; 1.5–2 low; 2–4
moderate; 4–8 high; 8–16
very high; 16–32 extremely
high; >32 ultra-high

Abrahim & Parker [34]
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Table 1. Cont.

Index/Reference Formula or Values Classification Thresholds Source

Potential ecological risk
index (RI) RI = ΣEri; Eri = Tri × CFi

<150 low; 150–300 moderate;
300–600 considerable; >600
very high

Hakanson [30]

Toxic response factors
(Tri)

Pb = 5; Zn = 1; Cd = 30;
Cu = 5; As = 10; Hg = 40;
Cr = 2; Ni = 5

— Hakanson [30]

Upper continental crust
(UCC) values used as Bn
(mg·kg−1)

Pb = 17; Zn = 67; Cd = 0.09;
Cu = 28; As = 4.8; Hg = 0.05;
Cr = 92; Ni = 47; Mn = 774;
Fe = 39,200

Geochemical baseline Rudnick & Gao [28]

Kazakhstan MPC for
typical soils (mg·kg−1)

Pb = 130; Zn = 220; Cd = 1.0;
Cu = 33; As = 2.0; Hg = 2.1;
Cr = 100; Ni = 85

Regulatory exceedance
threshold

Sanitary Rules, Republic
of Kazakhstan [35]

REACH PNEC for soil
(mg·kg−1)

Pb = 212; Zn = 123; Cd = 0.56;
Cu = 65; As = 29; Hg = 0.22;
Ni = 15; Cr = 21

RCR = PEC/PNEC; >1
unacceptable ecosystem risk ECHA [29]

2.5. Vegetation Biomonitoring and Bioconcentration Factor

Above-ground biomass concentrations of each metal in the composite plant sam-
ples (Cplant) were related to the mean concentration of the same metal in soil along
the corresponding transect (Csoil) by computing the ratio Cplant/Csoil. Because each
composite plant sample combined approximately equal biomass proportions of two phy-
logenetically and physiologically distinct species (Centaurea pseudosquarrosa, Asteraceae,
and Plantago lanceolata, Plantaginaceae), this ratio is reported here as a bulk vegetative canopy
ratio—that is, as a descriptive index of the combined above-ground metal burden of the
two species—rather than as a species-resolved Bioconcentration Factor. The conventional
excluder/accumulator/hyperaccumulator classification of Baker [36] requires species-level
measurements and cannot be applied to composite samples; it is therefore not invoked here.
The major implications of this composite-sampling design for biological interpretation are
addressed in Sections 4.3 and 4.5.

2.6. Human-Health and Ecosystem Risk Assessment

Human health risk was assessed for an adult occupational worker scenario using the
deterministic framework of the US EPA RAGS [37], with exposure factors taken from the US
EPA Exposure Factors Handbook (2011 Edition) [38]. Three principal exposure pathways
were integrated: incidental ingestion of soil, inhalation of resuspended particulates, and
dermal contact. For each metal and each exposure pathway, the chronic daily intake (CDI,
mg·kg−1·d−1) was calculated as:

CDI = (C × IR × EF × ED × CF)/(BW × AT), (1)

where C is the metal concentration in soil (mg·kg−1), IR is the pathway-specific intake rate
(soil ingestion rate, inhalation rate, or dermal contact factor), EF is the exposure frequency
(d·yr−1), ED is the exposure duration (yr), CF is a unit-conversion factor, BW is the body
weight (kg), and AT is the averaging time (d). Exposure-factor values followed the US EPA
standard adult-worker defaults: body weight 70 kg, soil ingestion 50 mg·d−1, inhalation
rate 20 m3·−1, exposed skin area 3300 cm2, adherence factor 0.2 mg·cm−2, particulate
emission factor 1.36 × 109 m3·kg−1, exposure frequency 250 d·yr−1, exposure duration
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25 yr, and averaging time 70 yr (for carcinogenic endpoints) or 25 yr (for non-carcinogenic
endpoints). The implications of using these defaults without site-specific localization are
discussed in Section 4.5.

The carcinogenic risk (CR) for each metal–pathway combination was calculated by
multiplying CDI by the slope factor (SF, (mg·kg−1·d−1)−1) obtained from the US EPA IRIS
database [39], accessed on 5 May 2026:

CRi = CDIi × SFi, (2)

Total carcinogenic risk was obtained by summing across metals and pathways. CR
values below 10−6 are conventionally considered negligible; values between 10−6 and 10−4

are considered acceptable; and values above 10−4 are considered unacceptable [39].
Non-carcinogenic risk was assessed through the hazard quotient (HQ) and the hazard

index (HI), using reference doses (RfD, mg·kg1·d1) from the US EPA IRIS database:

HQi = CDIi/RfDi (3)

HI = Σi HQi, (4)

HI values exceeding 1.0 indicate potential non-carcinogenic risk to the receptor.
Ecosystem risk was assessed via the risk characterization ratio (RCR), defined as the

ratio of the measured site-mean soil concentration (predicted environmental concentration,
PEC) to the element-specific predicted no-effect concentration in soil (PNEC):

RCRi = PEC/PNECi, (5)

The element-specific PNEC values for soil (mg·kg−1 dry weight) were taken from
REACH-registered substance dossiers compiled in the ECHA database [29]: Pb = 212,
Zn = 123, Cd = 0.56, Cu = 65, As = 29, Hg = 0.22, Ni = 15, Cr = 21 (also reported in Table 1).
The total ecosystem-risk score was computed as RCRtotal = Σi RCRi; RCR > 1 for any
individual metal indicates an unacceptable risk to soil organisms for that metal at the site.

2.7. Statistical Analysis

Data are reported as mean ± standard deviation (SD). Differences in metal concen-
trations across cardinal-direction transects were assessed using one-way ANOVA with
Tukey HSD post hoc (α = 0.05). Spatial decay of Pb along each transect was examined for
monotonicity; given the observed non-monotonic pattern with secondary peaks at interme-
diate distances (Section 3.1), no single-source dispersion model was fitted. All calculations
were performed in Python 3.11 using the pandas (version 2.0.3), NumPy (version 1.24.3),
and SciPy (version 1.11.1) libraries. No inferential statistical test was performed for the
soil-to-plant relationship: the composite-sampling design yielded only one plant sample
per cardinal direction (n = 4), and rank-based or parametric correlations across such a
small biologically heterogeneous dataset would carry no statistical power; the directional
pattern in plant tissue concentrations is therefore reported as a descriptive observation only
(Sections 3.3 and 4.5).

3. Results
3.1. Heavy Metal Concentrations and Spatial Distribution

Soil concentrations of As, Cd, Cu, Hg, Pb, and Zn at the slag reprocessing site sub-
stantially exceeded both the upper continental crust geochemical background and Kaza-
khstan MPC values across all four cardinal-direction transects (Table 1, Figure 2). The
site-mean ± SD concentrations across the 24 transect samples were 1754 ± 2447 mg·kg−1
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Pb, 1254 ± 873 mg·kg−1 Zn, 53.7 ± 80 mg·kg−1 Cd, 684 ± 886 mg·kg−1 Cu, 1753 ±
2832 mg·kg−1 As, and 8.0 ± 16 mg·kg−1 Hg. The high standard deviations relative to
the means reflect substantial directional and spatial heterogeneity rather than a smooth
concentration gradient (see below).

Figure 2. Heavy-metal concentrations along four cardinal-direction transects (south, north, east,
west) from the slag heap perimeter at distances 0, 1, 5, 10, 50, and 100 m. (a) Lead (Pb): horizontal
dashed line indicates the Kazakhstan MPC for Pb (130 mg·kg−1); horizontal dotted line indicates the
upper continental crust geochemical baseline for Pb (17 mg·kg−1, Rudnick & Gao [28]). (b) Arsenic
(As): horizontal dashed line indicates the Kazakhstan MPC for As (2 mg·kg−1); horizontal dotted
line indicates the upper continental crust geochemical baseline for As (4.8 mg·kg−1). The y-axis is
logarithmic in both subplots. The arsenic hotspot of 10,900 mg·kg−1 at the eastern transect 5 m point
(sample 257) is annotated.

The highest single-sample concentrations were observed at 5 m on the western transect
(sample 263): 9350 mg·kg−1 Pb (72× MPC), 290 mg·k−1 Cd (290× MPC), 2870 mg·kg−1

Zn (13× MPC), and 47.4 mg·kg−1 Hg (23× MPC), all co-occurring in a single soil aliquot.
Arsenic peaked at 5 m on the eastern transect (sample 257) at 10,900 mg·kg−1, exceeding
the Kazakhstan MPC by 5450-fold and forming a discrete hotspot likely associated with
arsenopyrite-bearing slag fragments (Section 4.5). Copper reached 4230 mg·kg−1 at 5 m on
the southern transect (128× MPC), a finding not previously reported at this site. Chromium,
nickel, and manganese remained at or below their respective MPCs at all transect points
and showed CF and EF values consistent with a lithogenic origin (Table 2); these elements
were therefore excluded from subsequent risk discussion.

The spatial distribution of metal concentrations was strongly asymmetric across car-
dinal directions, and the transect with the highest absolute single-sample peak was not
always the transect with the highest mean concentration (Table 2). The western transect
carried the highest mean values for Pb (4777 ± 3272 mg·kg−1), Cd (165 ± 94), Hg (30 ± 18),
and As (3735 ± 3044), and contained the absolute peak concentrations of Pb (9350 mg·kg−1

at West 5 m, sample 263), Cd (290 at the same point), Zn (2870 at the same point), and Hg
(47.4 at the same point), all four metals co-occurring in a single soil aliquot.

Arsenic showed a contrasting spatial pattern. The absolute peak (10,900 mg·kg−1 at
East 5 m, sample 257) occurred on the eastern transect, but the mean As concentration on
the eastern transect (2621 ± 3743 mg·kg−1) was lower than that on the western transect
(3735 ± 3044 mg·kg−1), because the eastern signal is dominated by a single extreme
hotspot (10,900 mg·kg−1) flanked by markedly lower concentrations at the other five
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eastern sampling distances (630, 2010, 1113, 194, and 879 mg·kg−1 at 0, 1, 10, 50, and 100 m
respectively), whereas the western transect exhibits broadly elevated As across multiple
distances (3890 at 0 m, 7610 at 50 m, 7900 at 100 m), without any single extreme outlier.
This pattern is consistent with two different contamination processes operating on the
two transects: a discrete arsenopyrite-bearing slag fragment producing a localized point
hotspot at East 5 m, versus broadly distributed atmospheric deposition and surface-runoff
redistribution producing diffusely elevated As across the entire western transect.

Table 2. Mean ± SD and maximum-sample heavy-metal concentrations (mg·kg−1) by cardinal-
direction transect (n = 6 sampling distances per transect: 0, 1, 5, 10, 50, 100 m), reference samples, UCC,
and Kazakhstan MPC. The “Maximum sample” row reports the absolute single-sample maximum
measured anywhere at the site; the sampling location of each maximum is indicated in Section 3.1.
UCC values from Rudnick and Gao [28].

Transect/Reference Pb Zn Cd Cu As Hg Ni Cr

South 1248 ± 466 1711 ± 808 27 ± 11 1387 ± 1377 366 ± 179 0.81 ± 0.81 17 ± 8 8 ± 4
North 735 ± 578 726 ± 481 14 ± 10 297 ± 195 289 ± 182 0.47 ± 0.16 9 ± 5 4 ± 2
East 258 ± 179 512 ± 301 8.5 ± 1.9 220 ± 72 2621 ± 3743 0.48 ± 0.30 6.7 ± 1.3 13 ± 13
West 4777 ± 3271 2066 ± 616 165 ± 94 832 ± 564 3735 ± 3043 30 ± 18 17 ± 6 12 ± 6
Site mean (n = 24) 1754 ± 2447 1254 ± 873 54 ± 80 684 ± 886 1753 ± 2832 8.0 ± 16 12 ± 7 9 ± 8
Bg300 (n = 1) 111 290 5.73 116 259 1.18 3.97 2.71
Bg1.5 km (n = 1) 205 79 0.30 37.6 4.8 <0.1 29.9 98.2
UCC [28] 17 67 0.09 28 4.8 0.05 47 92
Kazakhstan MPC 130 220 1.0 33 2.0 2.1 85 100
Maximum sample 9350 2870 290 4230 10,900 48 n.d. * n.d. *
Max sample/MPC 72× 13× 290× 128× 5450× 23× <1× <1×

Note: * Indicates values below detection limit (n.d.). The symbol × indicates fold-excess of Kazakhstan Maximum
Permissible Concentration (e.g., 72× = 72-fold the MPC). Sample 260 (East 100 m) returned anomalously low Fe
and Zn and was retained in concentration means but excluded from EF calculations. MPC = maximum permissible
concentration for typical soils, Republic of Kazakhstan; UCC = upper continental crust.

Copper showed a third distribution pattern: although its mean was highest at the
southern transect (1387 ± 1508 mg·kg−1), the absolute peak (4230 mg·kg−1 at South 5 m,
sample 245) was substantially higher than any value recorded on the western transect,
indicating that Cu, like As, exhibits localized hotspot behavior rather than smooth radial
decay. Pb concentrations did not decline monotonically with distance from the slag heap
on either the western or northern transects: a secondary Pb maximum of 7850 mg·kg−1 was
recorded at 100 m on the western transect, demonstrating that a simple radial dispersion
model does not adequately describe the contamination plume around the heap. Together,
these directional asymmetries—different mean-peak relationships across metals, secondary
off-perimeter maxima, and the co-occurrence of multiple priority metals in a single West-
transect aliquot—are consistent with patchy deposition controlled by the prevailing easterly–
westerly wind regime, by topographic gradients, and by the discrete redistribution of
arsenopyrite- and galena-bearing slag fragments during episodic surface-runoff events.

The two background reference samples revealed an instructive contrast (Table 2). The
300 m sample (Bg300) still showed clearly elevated As (259 mg·kg−1), Cd (5.73), Hg (1.18),
and Cu (116)—values 30–60× the UCC background—confirming that the impact zone of
this site extends beyond 300 m. The 1.5 km sample (Bg1.5 km), in contrast, returned As,
Cd, and Hg values close to UCC; however, its Pb concentration of 205 mg·kg−1 (12× UCC)
indicates that aerial Pb deposition from the heap, or from related historical operations
within the Achisai–Shymkent corridor, extends to at least 1.5 km. For this reason, all
pollution indices reported here use UCC as the geochemical reference; the local 1.5 km
sample is reported alongside for context but is not used as Bn in CF and Igeo calculations.

The persistence of elevated As, Cd, Hg, and Cu at 300 m and of elevated Pb at 1.5 km
most plausibly reflects three superimposed processes acting on overlapping timescales.
First, long-range aeolian deposition of fine slag particulates (predominantly <10 µm aero-
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dynamic diameter) accumulated during the multi-decadal operational period of the former
Shymkent lead plant (c. 1940–2012) under the prevailing easterly and westerly wind
regime [8]; particles in this size class can remain airborne over kilometre-scale distances
under semi-arid conditions and account for the broad spatial footprint of the contamination
signal documented at the 300 m reference point. Second, the site lies within the broader
Achisai–Shymkent metallurgical corridor, which has hosted Pb–Zn extraction and pro-
cessing since the early 20th century; the elevated Pb concentration of 205 mg·kg−1 at the
1.5 km reference point (12× UCC), in contrast to the near-UCC Cd, As, and Hg values at
the same point, is consistent with a cumulative regional Pb-deposition signal that cannot
be attributed to the present slag heap alone [9]. Third, episodic high-intensity precipitation
events generate surface runoff that redistributes coarser arsenopyrite- and galena-bearing
slag fragments along topographic gradients toward downslope catchment areas, producing
localized off-perimeter hotspots inconsistent with a smooth radial decay model. Together,
these three mechanisms—atmospheric dispersion, cumulative regional emissions, and
runoff-mediated particulate redistribution—account for the observed extension of the im-
pact zone well beyond 300 m and provide the methodological rationale for the use of UCC,
rather than locally collected reference soils, as the geochemical baseline (Bn) in all index
calculations reported below.

3.2. Geochemical Pollution Indices

All six pollution indices placed the site in the highest contamination categories for
Pb, Cd, Zn, As, and Hg, while confirming that Cr, Ni, and Mn were within the lithogenic
range (Table 3). Mean CF values were Cd = 597, As = 365, Hg = 160, Pb = 103, Cu = 24,
and Zn = 19—all greatly exceeding the threshold of 6 for very high contamination [13,31].
Mean Igeo values placed Cd (7.4), As (6.5), Pb (4.9), Hg (4.0), and Zn (3.0) in the heavily-to-
extremely contaminated range; the corresponding maxima (Cd 11.1, As 10.6, Hg 9.3, Pb
8.5, Cu 6.7) all reached Igeo Class 6 (extreme contamination, Igeo > 5). Of the 24 transect
samples, Class 6 was reached by 22 samples for Cd, 18 for As, 14 for Pb, 6 for Hg, and 3
for Cu.

Table 3. Geochemical pollution indices for individual heavy metals at the Shymkent Pb–Zn slag
reprocessing site, referenced to the upper continental crust [28]. Values are mean (max) across
24 transect samples; EF based on n = 23 after exclusion of sample 260.

Metal CF Mean (Max) Igeo * Mean (Max) EF Mean (Max) Igeo Cl. 6 (n/24) Classification

Pb 103 (550) 4.93 (8.52) 2369 (15,511) 14 Extreme
Zn 19 (43) 3.03 (4.84) 391 (1208) 0 Heavily contaminated
Cd 597 (3222) 7.37 (11.07) 11,501 (90,871) 22 Extreme
Cu 24 (151) 3.27 (6.65) 526 (3117) 3 Extreme
As 365 (2271) 6.51 (10.56) 5066 (30,008) 18 Extreme
Hg 160 (948) 3.99 (9.30) 3654 (26,735) 6 Extreme
Cr 0.10 (0.40) −4.33 (−1.90) 1.7 (6.4) 0 Lithogenic
Ni 0.26 (0.58) −2.79 (−1.38) 5.2 (16.3) 0 Lithogenic

CF—contamination factor; Igeo *—geoaccumulation index; EF—Fe-normalized enrichment factor. EF > 40 indicates
exclusively anthropogenic origin [34]. Aggregate indices: PLI mean = 9.6 (max 35.5); mCd mean = 141 (max 652);
RI mean = 28,605 (max 138,355). See Section 3.2 for classifications and interpretations.

Enrichment factors (Fe-normalized) far exceeded the conventional threshold of 40,
taken to indicate an exclusively anthropogenic origin [34]: mean EF values reached 11,501
for Cd, 5066 for As, 3654 for Hg, 2369 for Pb, and 526 for Cu, with sample-level maxima
of 90,871 (Cd), 30,008 (As), and 26,735 (Hg). EF values for Cr (mean 1.7), Ni (5.2), and Mn
(5.9) remained below 10, confirming a lithogenic origin for these elements and supporting
the choice of Fe as the normalizing element. The combined indices PLI (mean 9.6, max
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35.5), mCd (mean 141, max 652), and RI (mean 28,605, max 138,355) all classified the
site as ultra-high multi-element contamination, with RI exceeding the conventional very-
high threshold of 600 by approximately two orders of magnitude. Among individual
element contributions to the Hakanson RI, mercury and cadmium dominated (mean Er
for Hg = 6396; for Cd = 5370; for As = 3652) owing to their high toxic-response factors of
40 and 30, respectively [30]; lead, despite the highest absolute concentrations, contributed
proportionally less (mean Er = 516).

The fold-excess values of all indices relative to Kazakhstan MPC are presented in
Table 4.

Table 4. Heavy-metal concentrations (mg·kg−1 dry weight) in composite above-ground plant tissue
at the four cardinal-direction transects, listed in order of increasing mean soil Cd concentration. Each
composite comprised approximately equal biomass of Centaurea pseudosquarrosa and Plantago lanceolata.

Transect Soil Cd Mean
(mg·kg−1) Pb (Plant) Zn (Plant) Cd (Plant) Cu (Plant) As (Plant) Hg (Plant)

East 8.5 93.7 1120 44.8 337 <0.2 <0.1
North 14.0 221 1080 38.8 300 <0.2 <0.1
South 26.7 134 426 17.5 156 <0.2 <0.1
West 165 206 932 18.6 288 <0.2 <0.1

All plant concentrations in mg·kg−1 dry weight. As <0.2 and Hg < 0.1 mg·kg−1 are method detection limits in the
plant matrix, values are reported as half the detection limit for downstream calculations.

3.3. Vegetation Tissue Analysis and Bulk Canopy Ratios

The bulk vegetative canopy ratio (Cplant/Csoil-mean) calculated for each cardinal-
direction composite is reported in Table 5.

The ratio varied substantially across directions: on the eastern transect, where mean
soil contamination was moderate, the ratios for Cd (5.24), Zn (2.19), and Cu (1.53) exceeded
1, indicating that the combined above-ground tissue burden of the two species exceeded the
corresponding mean soil concentration. On the northern transect, the ratios for Cd (2.76)
and Zn (1.49) also exceeded 1, while at the southern and western transects, where mean
soil contamination was intermediate to extreme, all ratios were below 1 (e.g., Cd 0.66 south,
0.11 west; Pb 0.11 south, 0.04 west). Across the four directional composites, the bulk canopy
ratio for Cd, Pb, and Zn decreased visually with increasing mean soil contamination.

Table 5. Bulk vegetative canopy ratios (Cplant/Csoil-mean) for composite plant tissue (combined
Centaurea pseudosquarrosa and Plantago lanceolata, approximately equal biomass proportions) at the four
cardinal-direction transects. The ratios are reported as a descriptive index of combined above-ground
metal burden across the two species, not as a species-resolved Bioconcentration Factor; uptake-
strategy classification is not invoked here because composite samples do not permit species-level
physiological interpretation (see Section 4.3).

Transect BCF Pb BCF Zn BCF Cd BCF Cu

East 0.36 2.19 5.24 1.53
North 0.30 1.49 2.76 1.01
South 0.11 0.25 0.66 0.11
West 0.04 0.45 0.11 0.35

Ratios are unitless. As and Hg were excluded from the ratio calculation because plant concentra-
tions were below detection limits at all four directional composites (Table 4). The Baker [36] ex-
cluder/accumulator/hyperaccumulator framework requires species-level measurements and is not applied
to these composite values.

These ratios are reported here as descriptive bulk-canopy observations only. They
do not support inference about the metal-uptake strategy of either constituent species,
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because each composite combined approximately equal biomass proportions of Centaurea
pseudosquarrosa (Asteraceae) and Plantago lanceolata (Plantaginaceae), and the resulting sig-
nal averages potentially divergent species-level uptake, translocation, and detoxification
patterns into a single value (Section 4.3). For the same reason, no inferential statistical
test (rank-based or parametric correlation) is reported across these four composite values:
with a single observation per cardinal direction and biologically heterogeneous composites,
such tests would have negligible statistical power and would not constitute meaningful
evidence for a soil-to-plant relationship. The directional pattern is noted here as a visual
observation that motivates expanded, species-resolved, replicated sampling in the next
phase of the project (Section 4.5).

3.4. Human-Health and Ecosystem Risk

Health and ecosystem risk metrics for the adult occupational scenario are summa-
rized in Table 6. The total carcinogenic risk at the worst-case sampling point reached
CR = 4.3 × 10−3, exceeding the US EPA acceptable threshold of 10−4 by 43-fold and the
negligible threshold of 10−6 by 4310-fold. Arsenic was the dominant contributor (92.7%
of CR), followed by cadmium (7.3%); chromium and nickel together contributed less than
0.01%. Across the 24 transect samples, the site-mean carcinogenic risk was CR = 7.0 × 10−4,
still 7-fold above the US EPA acceptable limit. The non-carcinogenic hazard index reached
HI = 26.6 at the worst-case sampling point (As-driven, 93%; Pb 5%; Cd 1%) and HI = 4.3 at the
site mean—both far above the threshold of 1, indicating adverse non-carcinogenic effects.

Ecosystem risk, based on PEC/PNEC ratios, reached RCRtotal = 223 at the site mean,
with cadmium as the dominant component (RCRCd = 96, 43% of total), followed by arsenic
(RCRAs = 60, 27%), mercury (RCRHg = 36, 16%), copper (RCRCu = 11), zinc (RCRZn = 10),
and lead (RCRPb = 8). Although Pb dominated the absolute mass loading and the individual
ecological risk index in the Hakanson framework (mean ErPb = 516), Cd emerged as the
dominant ecological-risk driver in the PEC/PNEC framework, owing to its extremely low
PNEC (0.56 mg·kg−1) and high bioavailability under the site’s neutral-to-alkaline soil
conditions (pH 7.5–8.5). Arsenic contributed comparably high ecosystem risk in absolute
terms—a finding not captured by the Hakanson framework alone and one that motivates
the dual As + Cd priority-contaminant designation argued in Section 4.

Table 6. Summary of human-health and ecosystem risk at the Shymkent slag reprocessing site.
Worst-case = sampling point with highest single-metal concentration (As: East 5 m, sample 257; other
metals: West 5 m, sample 263). Site mean = mean across 24 transect samples.

Risk Metric Worst Case Site Mean Threshold Interpretation

Carcinogenic risk (CR) 4.3 × 10−3 7.0 × 10−4 10−6 negligible; 10−4

acceptable
Unacceptable

Non-carcinogenic
hazard index (HI) 26.6 4.3 1.0 Adverse effects expected

RCRtotal — 223 1.0 Critical ecosystem risk

RCRCd — 96 1.0 Dominant ecological
driver

RCRAs — 60 1.0 Critical
RCRHg — 36 1.0 Critical
RCRCu — 11 1.0 Very high
RCRZn — 10 1.0 Very high
RCRPb — 8.3 1.0 High
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4. Discussion
The geochemical, plant-tissue, and risk evidence presented above place the Shymkent

Pb–Zn slag reprocessing site among the most severely contaminated metallurgical legacy
sites documented in Central Asia and globally. In the following sections, we develop the im-
plications of this evidence for contaminant prioritization, vegetation-mediated containment,
and site management.

4.1. Contamination Context

Peak soil concentrations at Shymkent (Pb 9350, Zn 2870, Cd 290, Cu 4230, As 10,900,
Hg 47.4 mg·kg−1) substantially exceed both Kazakhstan MPC values and concentrations
reported for analogous Pb–Zn smelter-affected soils on three continents (Table 7). Among
published comparator sites, only the Kabwe mine–smelter complex in Zambia approaches
the Pb maximum recorded here, whereas the Cd, Cu, As, and Hg maxima at Shymkent
exceed all listed comparators by factors of 4–100×. Notably, the 10,900 mg·kg−1 maximum
at the eastern transect 5 m point is unprecedented at Pb–Zn smelter sites globally and is
a defining feature of this site, warranting its independent recognition as an As-priority
contamination zone. This designation is supported by three additional lines of evidence
within our dataset. First, the high Igeo class 6 frequency for As (18 of 24 transect samples;
Table 3) shows that extreme As contamination is not confined to the 10,900 mg·kg−1 hotspot
but extends across most of the impact zone. Second, the As enrichment factor (mean 5066;
maximum 30,008; Table 3) exceeds the conventional threshold for exclusive anthropogenic
origin [34] by two to three orders of magnitude, confirming that the As burden cannot be
attributed to natural lithogenic variability [28]. Third, As dominates the site’s carcinogenic
risk profile (92.7% of CR at the worst-case point and the dominant contributor to site-mean
CR; Table 6), elevating the human-health relevance of the As signal above that of any other
detected metal at this site. Together with the unprecedented maximum concentration, these
spatial, geochemical, and toxicological lines of evidence justify the independent recognition
of this site as an As-priority contamination zone.

The hierarchy EFCd > EFAs > EFHg > EFPb > EFZn differs from the EFPb > EFZn > EFCd

ranking commonly reported at Western European and Chinese Pb–Zn smelter sites [15,16],
reflecting the unusually heavy contribution of Cd and As to the Shymkent contamination
signature. This is consistent with the polymetallic ore feed of the Achisai deposit, in which
arsenopyrite, sphalerite, and Cd-bearing sulfides constitute a larger proportion of the
original ore than at most monometallic Pb–Zn operations.

Table 7. Comparison of peak concentrations (mg·kg−1) of priority metals in soils at the Shymkent slag
reprocessing site with published values from representative Pb–Zn smelter-affected soils worldwide.

Site Country Pb Zn Cd As Source

Shymkent slag site Kazakhstan 9350 2870 290 10,900 Present study
Henan Pb–Zn smelter China up to ~8000 1526–6812 4.5–28.3 n.d. [15]
Příbram smelter Czech Republic 1200–5600 410–2800 3.2–18 20–80 [16]
Kentau–Aksu corridor Kazakhstan 300–1500 180–620 0.4–1.65 n.d. [17]
Middle Spiš Pb–Zn–Cu–Hg
mining area Slovakia 340–1850 290–960 1.2–6.8 n.d. [18]

Kabwe mine/smelter Zambia 780–14,100 n.d. 2.1–48 n.d. [9]

n.d. = not determined/not reported in the cited study.

4.2. Arsenic and Cadmium as Co-Priority Contaminants

The risk-assessment results (Section 3.4) reveal a striking disconnect between mass-
based and toxicity-based contaminant prioritization at this site [37]. By mass, Pb dominates
the soil burden at most sampling points and is the contaminant most readily addressed by
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conventional regulatory frameworks. However, the human-health risk assessment iden-
tifies arsenic as the dominant driver of carcinogenic and non-carcinogenic risk (92.7%
of CR; 93% of HI at the worst-case point), reflecting both the extreme As hotspot of
10,900 mg·kg−1 on the eastern transect and the high IRIS slope factor for inorganic As
(SFinh = 15.1 (mg·kg−1·d−1)−1). The ecosystem risk assessment, in turn, identifies cad-
mium as the dominant driver (RCRCd = 96, 43% of the total) owing to its extremely low
PNEC (0.56 mg·kg−1) and high bioavailability under the neutral-to-alkaline soil conditions
documented at this site (pH 7.5–8.5).

Three structural causes explain the disconnect between mass-based and toxicity-based
prioritization and clarify why the contaminant with the largest absolute soil burden need
not be the dominant driver of risk at the same site. First, the IRIS inhalation slope factor
for inorganic arsenic (SFinh = 15.1 (mg·kg−1·d−1)−1) is approximately three orders of
magnitude higher than that of lead and four orders of magnitude higher than that of zinc,
so that [37] even a moderately elevated As concentration produces a far larger contribution
to CR than a much higher Pb concentration at the same point. Second, the REACH-
derived PNEC for soil cadmium (0.56 mg·kg−1) is the lowest among the eight priority
metals assessed here—roughly 400× lower than the PNEC for Pb (212 mg·kg−1) [29]—
so that even modest Cd enrichment produces a disproportionately large RCRCd in the
ecosystem risk framework. Third, the neutral-to-alkaline soil conditions documented at
this site (pH 7.5–8.5) preferentially mobilize Cd2+ relative to Pb2+, because Pb2+ is strongly
retained by carbonate and Fe-oxide surfaces under these conditions, whereas Cd2+ is
comparatively more bioavailable to plant roots and soil organisms [40]. The combined
effect of these three factors—differential toxicological potency, differential PNEC stringency,
and differential pH-dependent bioavailability—is that absolute mass loading and toxicity-
weighted risk identify different priority contaminants at the same site, even when measured
concentrations and risk frameworks are both internally consistent.

These three lines of evidence—mass loading, human-health risk, and ecosystem risk—
therefore identify three priority contaminants (Pb, As, and Cd, respectively). A defensible
management framework for this site must address all three simultaneously rather than
treating Pb in isolation. Approaches that reduce Pb mobility without addressing Cd or
As—such as phosphate amendments that form stable pyromorphite [Pb5(PO4)3Cl] but
leave Cd and As in exchangeable form—would fail to reduce the principal ecosystem and
human-health risk drivers. Conversely, a strategy targeting only the As hotspot would
overlook the broadly distributed Cd and Pb burden across the impact zone. The implication
is clear: Pb–Zn smelter legacy sites should not be classified or prioritized based on Pb
concentration alone, particularly at sites with polymetallic ore feeds.

4.3. Vegetation Biomonitoring: Bulk Canopy Metal Burden

Composite aboveground plant tissue (a mixture of Centaurea pseudosquarrosa and Plan-
tago lanceolata, with approximately equal biomass proportions) was analyzed along the four
cardinal-direction transects to characterize the bulk metal burden carried by the dominant
native vegetation canopy at the site. Tissue Cd concentrations ranged from 17.5 mg·kg−1

DW (south) to 44.8 mg·kg−1 DW (east); tissue Zn from 426 to 1120 mg·kg−1 DW; and
tissue Pb from 93.7 to 221 mg·kg−1 DW (Table 4). Arsenic and mercury concentrations
in plant tissue were below detection limits in all four directions, despite very high soil
concentrations of these elements on the western and eastern transects.

The bulk canopy ratio Cplant/Csoil (Table 5) exceeded 1 for several metals at the
eastern and northern transects (Cd 5.24 and 2.76; Zn 2.19 and 1.49) and was consistently
below 1 across all metals at the southern and western transects, where soil contamination
was most severe. These ratios reflect the combined aboveground burden of the two species;
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they do not allow either species to be classified as an excluder or an accumulator in the
sense of Baker [36], because the underlying composite samples conflate species-specific
uptake, translocation, and detoxification patterns into a single signal. C. pseudosquarrosa
(Asteraceae) and P. lanceolata (Plantaginaceae) belong to phylogenetically distinct families
that can exhibit opposite uptake strategies at the same site [14,41,42]; the composite design
therefore averages potentially divergent species-level behaviors into an undifferentiated
bulk signal that lacks a straightforward physiological interpretation.

For the same reason, the apparent inverse rank ordering between mean soil Cd, Pb,
or Zn and the corresponding bulk canopy ratio across the four directional composites is
interpreted here as a descriptive observation only. No mechanistic inference about physio-
logical down-regulation of root uptake, selective mortality of accumulator phenotypes, or
rhizosphere biogeochemical immobilization can be drawn from these four data points: each
direction yielded a single composite sample combining two species, and species-resolved
tissue concentrations, paired root–shoot transfer factors, and rhizosphere chemistry would
all be required to support any such interpretation. The data presented here, therefore,
document the combined metal burden in the dominant above-ground vegetation at this
site but do not provide evidence of the metal-uptake strategy of either constituent species.

Species-resolved tissue analysis, with paired root and shoot sampling of C. pseudosquar-
rosa and P. lanceolata analyzed independently and replicated within each cardinal direction,
is mandatory before any uptake-strategy interpretation can be supported. This species-
resolved campaign is scheduled within the 2026–2028 continuation of the AP25795537 project
(Section 4.6). Pending those data, no recommendation regarding the phytostabilization or
phytoremediation potential of either species can be drawn from the present bulk-canopy
results, and any such recommendation in the present manuscript has been removed.

4.4. Implications for Site Management

Integrating geochemical severity, plant biomonitoring, and risk-assessment data sup-
ports a preliminary three-tier zonation for remediation prioritization. Framed as a sus-
tainable management strategy, this zonation is designed to reconcile two objectives often
treated separately at legacy sites: recovering residual value from the slag as a secondary
raw material and arresting the off-site migration of contaminants that threaten adjacent
agricultural land, the Badam River, and the residential districts of Shymkent. The three
tiers are:

Zone 1 (0–10 m perimeter; PLI > 20; RCRtotal > 100): Active engineered intervention
is essential. Options include (i) physical containment of the slag heap with a multilayer
cover and surface stabilization; (ii) selective pyrometallurgical reprocessing of the slag,
which has been shown to recover >70% of residual Zn and Pb from comparable feedstock
while fixing Cd in stable gangue phases [4,5]; and (iii) hotspot excavation and off-site
treatment of the highest As-bearing zones (e.g., East 5 m). Selective pyrometallurgical
reprocessing, in particular, not only reduces the residual metal burden at this site but also
offers a circular-economy pathway for resource recovery from secondary metallurgical
materials, simultaneously addressing contamination and resource-recovery opportunities.
The Badam River, located 20 m west of the facility, makes runoff control a particular priority
for this zone; direct quantification of fluvial metal transport through dedicated sediment
sampling is scheduled for the next phase of the project (Section 4.6).

Zone 2 (10–100 m; PLI 5–20; RCRtotal 10–100): Phytostabilization using C. pseudosquar-
rosa and P. lanceolata, potentially combined with mycorrhizal inoculation and biochar
amendment, is a cost-effective intervention pending the confirmatory studies outlined in
Section 4.3. Concurrent monitoring of plant tissue concentrations, soil pH, and DTPA-
extractable Cd should accompany any pilot-scale deployment.
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Zone 3 (>100 m; PLI < 5; RCRtotal < 10): Monitored natural attenuation with periodic
resampling is appropriate, with priority attention to the west, where elevated concentra-
tions were detected at 100 m and the 1.5 km background sample also showed elevated Pb.
The persistence of measurable Pb deposition at 1.5 km has direct implications for residen-
tial exposure risk in the western and southwestern districts of Shymkent and warrants
integration with city-level air-quality monitoring data.

4.5. Limitations

Several limitations of this study should be acknowledged. The most important is
the composite vegetation-sampling design: as noted in Section 2.2, each directional plant
sample pooled two phylogenetically distinct species—Centaurea pseudosquarrosa (Asteraceae)
and Plantago lanceolata (Plantaginaceae)—in approximately equal proportions, so the result-
ing Cplant/Csoil ratios reflect a bulk canopy burden and cannot be interpreted in terms of
species-level uptake strategy or the excluder/accumulator categories of Baker [36]; the
four-direction design also precludes inferential statistics on the plant data (Section 3.3).
Second, the study rests on a single April 2026 topsoil (0–50 cm) campaign and therefore
does not capture seasonal variability in metal mobility under the episodic moisture regime
of the semi-arid Turkestan Region; in particular, the As hotspot at sample 257 (East 5 m,
10,900 mg·kg−1) is likely associated with discrete arsenopyrite-bearing slag fragments
rather than a smooth concentration gradient, which finer-resolution sampling along the
eastern transect would resolve. Third, the human-health risk estimates (Section 2.6) are de-
terministic single-point values calculated from US EPA RAGS default exposure factors for
an adult occupational scenario, without adjustment for site-specific conditions; given the
arid, high-wind, dust-prone climate of Shymkent, the reported worst-case CR of 4.3 × 10−3

and HI of 26.6 should be regarded as conservative screening estimates rather than best-
estimate central tendencies. These limitations directly define the priority directions for
follow-up research set out in Section 4.6.

4.6. Future Research Directions

Priority directions for follow-up research are outlined in the 2026–2028 continuation
of the AP25795537 research project and comprise five interlinked work packages. First, sea-
sonal resampling of the impact zone is planned for spring, summer, and autumn 2026–2027
to capture temporal variability in metal mobility, dust deposition, and surface runoff under
contrasting moisture regimes. Second, BCR sequential extraction [43] is scheduled for
the 2027 analytical campaign on archived and freshly collected soil samples to determine
operationally defined speciation of Pb, Zn, Cd, and As and to refine bioavailability esti-
mates beyond the total-concentration measurements reported here. Third, species-resolved
tissue analysis with paired root and shoot sampling of Centaurea pseudosquarrosa and Plan-
tago lanceolata is planned for the 2026–2027 vegetation campaign to compute species-level
transfer factors, distinguish the physiological and ecological mechanisms underlying the
community-level accumulator-to-excluder shift documented in this study, and confirm
or refine the preliminary phytostabilizer designation. Fourth, a dedicated Badam River
sediment-sampling campaign is scheduled for August–September 2026. Fifth, a proba-
bilistic Monte Carlo re-analysis of the human-health risk component is planned for the
2027 modeling campaign, incorporating site-specific occupational exposure parameters
(localized inhalation, ingestion, and dermal adherence distributions for outdoor industrial
workers in semi-arid urban settings) and a seasonal wind-blown dust factor; this analysis
will replace the deterministic CR and HI point estimates reported here with full probability
distributions, allowing direct evaluation of exceedance probability at the US EPA 10−4

and 10−6 thresholds. Together, these scheduled activities will deliver the species-, season-,
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speciation-, and uncertainty-resolved evidence base required to support the operational
deployment of the three-tier remediation framework proposed here.

Complete methodological details, supplementary data tables, and additional analytical
results, including per-sample heavy-metal concentrations, computed pollution indices, and
risk metrics for all sampled locations, are provided in the Supplementary Materials.

5. Conclusions
Integrated geochemical, vegetation, and risk assessment at an active Pb–Zn slag

reprocessing site in Shymkent (Southern Kazakhstan) places it among the most severely
contaminated Pb–Zn legacy sites documented in Central Asia and globally: cadmium and
arsenic reached Geoaccumulation Class 6 across most of the impact zone, and enrichment
factors for all six priority metals exceeded the anthropogenic-origin threshold by two to
three orders of magnitude.

The principal contribution of this work is the identification of three distinct priority
contaminants, depending on the assessment framework—lead by absolute mass loading,
arsenic by human health risk (at worst-case points, >90% of the carcinogenic risk and
hazard index), and cadmium by ecosystem risk. This disconnect between mass-based and
toxicity-based prioritization argues for elevating arsenic and cadmium to co-priority status
alongside lead at polymetallic Pb–Zn legacy sites, rather than targeting Pb in isolation.
Composite vegetation analysis documented the bulk above-ground canopy burden but, by
design, does not support species-level uptake inference; therefore, species-resolved tissue
analysis is identified as a mandatory next step before any phytoremediation recommenda-
tion can be made (Sections 4.5 and 4.6).

The integrated framework deployed here is directly transferable to analogous Pb–Zn
reprocessing legacy sites and supports a three-tier zonation for remediation prioritization:
active engineered intervention within the 0–10 m perimeter, pilot interventions and fur-
ther characterization in the 10–100 m zone, and monitored attenuation beyond 100 m. By
coupling secondary resource recovery with contamination control, this evidence-based
framework advances the sustainable rehabilitation of metallurgical legacy land and con-
tributes to UN Sustainable Development Goals 3, 11, 12, and 15.

Supplementary Materials: The following supporting information can be downloaded at: https:
//www.mdpi.com/article/10.3390/su18136742/s1, Table S1: Manuscript: Arsenic and cadmium as
co-priority contaminants alongside lead at a Pb–Zn slag reprocessing site in Southern Kazakhstan. Per-
sample heavy-metal concentrations (As, Cd, Cr, Cu, Fe, Hg, Mn, Ni, Pb, Zn) and computed pollution
indices (CF, Igeo, EF, PLI, mCd, RI), bioconcentration factors, and human-health and ecosystem risk
metrics for all 24 transect soil samples, 2 background reference samples, and 4 composite plant
tissue samples.
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2. Pająk, M.; Błońska, E.; Szostak, M.; Gąsiorek, M.; Pietrzykowski, M.; Urban, O.; Derbis, P. Restoration of Vegetation in Relation
to Soil Properties of Spoil Heap Heavily Contaminated with Heavy Metals. Water Air Soil Pollut. 2018, 229, 392. [CrossRef]
[PubMed]

3. Zhao, Y.; Wang, J.; Zhang, G.; Liu, L.; Yang, J.; Wu, X.; Biradar, C.; Dong, J.; Xiao, X. Divergent Trends in Grassland Degradation
and Desertification under Land Use and Climate Change in Central Asia from 2000 to 2020. Ecol. Indic. 2023, 154, 110737.
[CrossRef]
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Abstract

Screening-level risk assessments report single-point estimates of carcinogenic risk (CR)
and hazard index (HI), conveying neither the probability of exceedance nor its sensitivity
to revised toxicity values. We examined both at an active lead–zinc slag reprocessing
site in Shymkent, Kazakhstan, by reanalysing a published dataset (24 soil samples) with
Monte Carlo simulation for an adult outdoor worker, under the toxicity values of the
source assessment and under the January 2025 IRIS values for inorganic arsenic. Under the
original values, the probability of exceeding CR = 10−4 was 70% (95% bootstrap interval
59–80%) and of exceeding HI = 1 was 82%. Applied to the same concentrations, the
2025 values gave a 21-fold higher mean risk and exceedance probabilities of 99% and 97%.
The screening conclusion therefore holds under both sets of values, whereas the quantitative
estimate does not. Arsenic concentration dominated output variance. Because ingestion
and dermal contact carry over 99% of the worker’s risk, risk reduction requires measures
that interrupt these pathways: engineered capping of the heap perimeter, restricted access,
and occupational hygiene. Phytostabilization gave no modelled benefit to on-site workers;
its value lies in limiting off-site dust, which was not modelled. Arsenic bioaccessibility
testing and denser sampling are priorities.

Keywords: probabilistic risk assessment; Monte Carlo simulation; exceedance probability;
toxicity value revision; arsenic; sensitivity analysis; Central Asia

1. Introduction
Reprocessing of historical lead–zinc (Pb–Zn) slag occupies an uneasy position in the

circular-economy agenda. Secondary recovery of residual metals diverts material from per-
manent disposal and reduces demand for primary extraction, yet the same operations dis-
turb consolidated waste bodies and can remobilise legacy contaminants where containment,
dust suppression and runoff control are inadequate [1–4], a pattern documented across non-
ferrous smelting sites worldwide [5]. Few regions in Central Asia carry a Pb–Zn metallurgical
legacy on the scale of southern Kazakhstan, and the slag heap of the former Shymkent lead
plant—accumulated over roughly seven decades of pyrometallurgical operation and currently
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under active reprocessing—is among the most severely contaminated sites documented in the
region [6–8]. Decisions about such sites are increasingly framed as sustainability trade-offs:
how much intervention is warranted, where, and on what evidence.

The evidence base for site-management decisions is predominantly deterministic.
Assessments typically report single-point estimates of carcinogenic risk (CR) and hazard
index (HI), computed from mean or maximum measured concentrations combined with
default exposure factors, and compare these against regulatory thresholds. Such an esti-
mate answers whether a threshold is exceeded by the calculated value. It does not answer
how probable exceedance is across the range of plausible exposures at the site, which is
the quantity a manager weighing intervention against cost requires. Probabilistic methods,
for which formal guidance exists within the same regulatory framework [9], supply that
quantity by propagating distributions rather than point values through the exposure model,
and by permitting the contribution of each input to output variance to be ranked so that
data-collection effort can be directed where it reduces uncertainty most [10,11]. Applica-
tions in mining and smelter settings are now well established: probabilistic assessments
have been reported for soils around Pb/Zn smelters [12], for mining-area soils with Monte
Carlo simulation coupled to an improved exposure model [13], and for age-stratified recep-
tor groups (a receptor being the person or population group whose exposure is modelled)
where exceedance probabilities were reported separately by population subgroup [11,14],
and for source-resolved assessment across a linked water–soil–crop system [15]. A smaller
number of studies have applied deterministic and probabilistic models to the same dataset;
one such comparison, across 444 paired soil–crop samples, reported that conventional de-
terministic methods underestimate risk for the most exposed 15–25% of the population [10].
Adoption in the post-Soviet Central Asian context, however, appears limited relative to the
scale of the metallurgical legacy there.

A second and less-examined source of uncertainty is the toxicity values themselves.
Slope factors and reference doses are periodically revised as epidemiological evidence
accumulates, and a revision can move a risk estimate by more than the spatial variability
the assessment was designed to characterize. In January 2025 the US EPA revised its
assessment of inorganic arsenic, raising the oral slope factor from 1.5 to 32 per mg·kg−1·d−1

on the basis of a Bayesian hierarchical dose–response meta-analysis of bladder and lung
cancer endpoints, and lowering the oral reference dose; the inhalation unit risk was not
revised [16]. The revision has now been in force for over a year and a half, during which the
stock of assessments of arsenic-dominated sites completed under the superseded values
has remained in use without recomputation; such assessments are not directly comparable
with those completed after the revision, and the site-management decisions resting on them
have not been revisited. The practical consequences of the transition have been addressed
in regulatory guidance and in the consultancy literature, chiefly through recomputation of
generic screening levels, and agency guidance on applying the revised cancer slope factor
was issued in 2026 [17]. Whether the site-specific management conclusions of completed
assessments survive the revision is a different question, answerable only site by site, and
has not, to the authors’ knowledge, been examined in the peer-reviewed literature for
Pb–Zn metallurgical legacy sites.

Arsenic is a particularly consequential case. It combines a high slope factor with a
tendency toward spatially discrete enrichment at smelter and slag sites, so that the risk
estimate for an arsenic-dominated location is effectively a function of a single toxicity value
applied to a strongly skewed concentration distribution. Both components of that product
were affected by the 2025 revision: the revised oral slope factor of 32 per mg·kg−1·d−1

was obtained by combining endpoint-specific values for bladder (17.6) and lung (21.3)
cancer [16], and the oral reference dose was lowered to 6.0 × 10−5 mg·kg−1·d−1 on the
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basis of ischemic heart disease and type 2 diabetes endpoints [16]. Where arsenic dominates
a site’s risk profile, the sensitivity of that profile to the revision is correspondingly large
and cannot be inferred without recomputation.

Both questions are addressed here at an active Pb–Zn slag reprocessing site in
Shymkent, Southern Kazakhstan, using the geochemical dataset published in [8]. The
source assessment reported deterministic CR and HI estimates for an adult occupational
receptor together with a three-tier remediation zonation. The same receptor is used here:
an adult outdoor worker on the site. Children, residents of the adjacent districts (Figure 1b)
and other potentially sensitive groups are not modelled, and the results should not be read
as applying to them. This scope bears most directly on the conclusions about phytostabi-
lization and off-site dust transport, which concern exposure pathways and populations
beyond the site worker (Section 4.5). The present paper draws on that published dataset
rather than on new field sampling; its contribution is the probabilistic and toxicity-value-
sensitivity framework applied to it, and the general result that framework yields—that at
arsenic-dominated sites the qualitative management conclusion and the quantitative risk
estimate have different robustness properties, the former surviving both input variability
and a toxicity-value revision while the latter survives neither. The same 24 transect samples
are reanalysed probabilistically under two parameterizations. The first retains the toxicity
values applied in the source assessment, so that the two analyses remain directly compa-
rable; the second uses the values currently in effect. Exceedance probabilities, sensitivity
rankings and scenario projections are reported under each.

Figure 1. Study site. (a) Slag heap boundary and centroid (42.3125◦ N, 69.5342◦ E), the four sampling
transects with points at 0, 1, 5, 10, 50 and 100 m from the heap edge (points at 1 and 5 m are not
labelled), exposure Zone 1 (0–10 m) and Zone 2 (10–100 m), and the Badam River. (b) Surroundings of
the heap: elevation (m a.s.l.) from the SRTM 30 m digital elevation model with hillshade, the Badam
River, schools and kindergartens, and circles of 300 m and 1.5 km radius marking the distances at
which the two reference samples were collected. Basemap: Esri Satellite.
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Because the present analysis reuses a recently published dataset, its relation to the
source assessment is set out explicitly in Table 1. Pernebayev et al. [8] reported the geo-
chemistry, pollution indices, plant biomonitoring, ecosystem risk and deterministic human-
health estimates for the site, and identified a probabilistic reanalysis of the human-health
component as a planned follow-up. None of those results is repeated here. The present
study carries out the probabilistic reanalysis with the data available, extends it to the
toxicity values currently in force, quantifies the uncertainty attached to the result, and tests
the zonation and intervention priorities proposed in [8] against the risk distributions.

Table 1. Relation of the present study to the source assessment [8].

Aspect Reported in [8] New in the Present Study

Data 24 transect and 2 reference soil samples,
ten elements (ICP-OES) Same dataset reused; no new sampling

Contamination indices, plant
biomonitoring, ecosystem risk

CF, Igeo, EF, PLI, mCd, RI; bulk canopy
ratios; PEC/PNEC Not repeated

Human-health risk
Deterministic point estimates (site mean
CR 7.0 × 10−4, worst case 4.3 × 10−3;
HI 4.3 and 26.6)

Full distributions of CR and HI; exceedance
probabilities; position of the point estimates within
the distributions

Toxicity values Values in force before 2025
Reassessment under the January 2025 IRIS arsenic
values; effect of the revision separated from the
effect of probabilistic treatment

Uncertainty Not quantified
Sensitivity of CR and HI to all inputs; bootstrap
sampling uncertainty; alternative distributions,
inter-metal dependence and analytical error

Zonation Three-tier zonation by distance from
the heap

Tested against modelled risk; ordering of zones not
resolved by the data

Interventions Qualitative three-tier framework Time-resolved scenario projections with sensitivity
to efficiency assumptions

Principal conclusion Arsenic dominates human-health risk;
risk exceeds the screening level

Qualitative conclusion holds under both sets of
toxicity values; quantitative estimate changes
21-fold because of the toxicity values alone

The specific objectives were to: (i) Fit and validate concentration distributions for
eight priority metals; (ii) quantify CR and HI as full probability distributions and report
exceedance probabilities against the 10−6, 10−4 and HI = 1 screening levels; (iii) locate the
previously published point estimates within those distributions; (iv) repeat the analysis
under the 2025 IRIS arsenic values and determine which conclusions are altered; (v) rank
the contribution of each stochastic input to output variance; and (vi) evaluate the published
zonation and project risk under alternative intervention scenarios. Although developed at
one site, the framework and its findings apply to any assessment in which a single strongly
skewed contaminant governs the risk profile, and the procedure for testing whether a
management conclusion survives a toxicity-value revision is transferable to the wider stock
of arsenic-dominated assessments completed before January 2025.

2. Materials and Methods
2.1. Study Area

The study site is an active Pb–Zn slag reprocessing facility in Shymkent, Southern
Kazakhstan (centre of the slag heap: 42.3125◦ N, 69.5342◦ E). The surrounding Turkestan
Region is semi-arid (Köppen BSk [18]), receiving roughly 400 mm of precipitation annually;
easterly and westerly winds prevail and govern which directions dust from the heap
travels. The Badam River flows along the eastern side of the heap, between the heap
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and the former lead-smelter site; the A-2 highway and residential areas lie to the west. A
detailed description of site geology, hydrogeology, slag mineralogy (SEM-EDS: PbS, ZnS,
ZnO, PbO, Fe2O3; slag pH 7.5–8.5) is given in Pernebayev et al. [8].

The heap lies on a terrace of the Badam River valley at the foot of dissected piedmont
slopes (Figure 1b), so that surface runoff from these slopes during spring snowmelt and
rainfall events is directed across the site toward the river. The zonal soils of the piedmont
belt of the Turkestan Region are loamy sierozems [19]; around the heap, however, soils are
disturbed by slag reprocessing and vehicle traffic. Soil agrochemical and water-physical
properties, slope gradients and erosion rates were not measured in the source campaign and
are not available for the present reanalysis. The nearest residential buildings lie about 250 m
west of the heap boundary. Gridded population estimates (WorldPop, 2020, constrained
and adjusted to United Nations estimates, 100 m resolution [20]) indicate approximately
1300 residents within 500 m of the heap centre and 10 500 within 1 km; one school (about
570 m) and three kindergartens (about 480–750 m) lie within 1 km of the heap boundary
(Figure 1b).

2.2. Data Source

No new field sampling was conducted for this study. The geochemical dataset comprises
24 transect soil samples and two distal reference samples collected on 24 April 2026 and pub-
lished as Supplementary Table S1 of [8]. Sampling followed GOST R 58595-2019 [21],
GOST 17.4.3.01-2017 [22] and GOST 17.4.4.02-2017 [23]; samples were collected at a
0–50 cm depth along four transects oriented to the cardinal points, sampled at 0, 1, 5,
10, 50 and 100 m from the heap perimeter. Reference samples were collected at 300 m
and 1.5 km. Two of the six authors of the present paper (Z.P. and A.A.) are authors of [8];
the present work is therefore in part a reassessment by the original investigators of their
own published dataset, undertaken to test whether the management conclusions drawn
there survive treatment of input variability and the subsequent revision of arsenic toxicity
values. The dataset is published under a CC BY licence and the analysis reported here can
be reproduced independently from it using the supplied code.

At each sampling point a composite sample of approximately 1 kg was formed from
five increments collected by the envelope method (GOST 17.4.4.02-2017 [23]) over the
0–50 cm layer with a steel shovel, and placed in a polyethylene bag. Each point is therefore
represented by a single depth-integrated composite; no depth-resolved data were obtained.
Samples were transported in insulated cool boxes and were received by the laboratory on
the day of collection (24 April 2026), as recorded in the test protocols. According to METAR
records from the Shymkent airport station (ICAO: UAII) [24], light showers fell during
the night and morning of 23 April 2026 and ended by about 10:00 local time; 24 April was
dry and clear, with light winds of 1–4 m·s−1 and relative humidity falling from about 90%
before dawn to about 30% in the afternoon. The samples were delivered unprocessed, and
preparation before acid digestion was carried out by the laboratory. The heap, the four
transects, Zones 1 and 2 and the Badam River are shown in Figure 1a.

The 0–50 cm interval is deeper than the surface layer normally considered for incidental
ingestion and dermal contact. It was retained because the receptor is a worker at an active
reprocessing site, where excavation, loading and vehicle traffic bring soil from below
the immediate surface into contact with workers, so that exposure is not confined to the
uppermost centimetres. Because the samples are depth-integrated, concentrations in the
surface layer may be higher or lower than the values modelled here. This uncertainty
was bounded by scaling all concentrations by 0.5 and 2.0 (Table S3): under the 2025 IRIS
values P(CR > 10−4) remained between 97.8% and 99.8% across this range, and under the
source-assessment values it ranged from 53.1% to 83.4%.
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Ten elements—As, Cd, Cr, Cu, Fe, Hg, Mn, Ni, Pb and Zn—were determined by ICP-
OES (Shimadzu ICPE-9000) after acid digestion, in accordance with method M 02-902-157-10,
at the accredited Analytical Laboratory of LLP KazEcoAnaliz (Almaty, Kazakhstan; ac-
creditation certificate KZ.T.02.1017, issued 25 February 2026). Analyses were performed
27 April–5 May 2026 under Order No. 23-26 (Test Protocols No. 23-01 and No. 23-02, dated
5 May 2026). Quality control was carried out under the laboratory’s internal procedures
within the scope of its accreditation. The test protocols issued to the authors report the results,
method, instrument and analytical conditions (25.2–25.4 ◦C; relative humidity 54–55%), but
do not include batch-level quality-control records; element-specific recoveries of certified
reference materials, blank values and replicate statistics were therefore not available for the
present reanalysis. None of the 24 transect samples returned a value below the reporting
limit for any of the eight modelled metals: the only soil reporting limit stated in the pro-
tocols, 0.1 mg·kg−1 for Hg, lies below the lowest transect Hg value (0.12 mg·kg−1), so no
substitution of censored values was required. To bound the effect of analytical error on the
modelled distributions, measured concentrations were (i) scaled uniformly by 0.8 and 1.2 and
(ii) perturbed by random multiplicative errors of 10% and 20% relative standard deviation
before refitting (200 replicates each); results are given in Table S3.

Eight metals were carried forward into the risk model: Pb, Zn, Cd, Cu, As, Hg, Ni
and Cr. The model is centred on arsenic, but the other seven metals were retained because
carcinogenic risk and the hazard index are, by definition, sums across all contaminants
of potential concern, and because the dominance of arsenic is a result to be demonstrated
rather than assumed. Retaining them allows the contribution of each metal to total CR and
HI to be quantified (Section 3.5). Fe and Mn were not treated as contaminants of potential
concern: Fe concentrations (104–9570 mg·kg−1) were below its upper-crustal abundance
(39 200 mg·kg−1 [8]) at every transect point, and Mn (61–358 mg·kg−1) did not exceed the
Kazakhstan MPC at any point.

For the zonal analysis (Section 2.6), samples were assigned to two zones following the
three-tier framework proposed in [8]: Zone 1, 0–10 m (n = 16) and Zone 2, 10–100 m (n = 8).
The third tier (>100 m) contains no transect samples and was not modelled.

2.3. Concentration Distributions

Lognormal distributions were fitted to each metal by maximum likelihood on log-
transformed concentrations across the 24 transect samples. The lognormal assumption
was tested by the Shapiro–Wilk statistic applied to the log-transformed values (α = 0.05).
With 24 observations per element the test has limited power, so non-rejection is treated as
consistency with the lognormal model rather than as confirmation of it; normal quantile–
quantile plots for all eight metals are provided as Figure S1 in the Supplementary Material.
As a further check, lognormal, gamma and Weibull distributions were fitted by maximum
likelihood to each metal and compared by the Akaike information criterion (AIC) and the
Kolmogorov–Smirnov test, and the full risk analysis was repeated with each alternative
model (Section 3.1; Table S4).

Six of the eight metals were consistent with a lognormal model (Table 2). Zn (W-test
p < 0.001) and Hg (p < 0.001) were not. Hg exhibits a bimodal distribution—37.9–47.4 mg·kg−1

at four of the six western-transect points against 0.12–0.98 mg·kg−1 at seventeen of the
remaining eighteen—consistent with the two distinct depositional processes identified in [8],
and its geometric standard deviation (6.31) is more than 1.5× that of any other element. For
these two metals, concentrations were resampled empirically from the measured values
with a multiplicative lognormal kernel (σ = 0.15) to avoid imposing a parametric form the
data do not support. A parametric model was therefore used where the Shapiro–Wilk test
on log values did not reject lognormality (p ≥ 0.05) and empirical resampling where it did.
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The kernel smooths the 24 discrete measured values so that simulated concentrations are
not restricted to exactly those values; σ = 0.15 is about one tenth of the standard deviation
of the log-transformed concentrations (1.26 for Zn and 1.84 for Hg), so it does not alter the
shape of the distributions. Because Zn and Hg together contribute about 0.3% of the mean
hazard index, results are insensitive to this choice: for σ between 0 and 0.30 no reported
probability changed by more than 0.1 percentage point (Table S4).

Table 2. Fitted distribution parameters for the 24 transect samples.

Metal GM GSD AM Min Max Shapiro–Wilk p (log) Model

Pb 776.9 3.86 1754 72.6 9350 0.339 lognormal
Zn 822.3 3.51 1254 7.79 2870 <0.001 empirical
Cd 22.4 3.65 53.7 3.51 290 0.108 lognormal
Cu 405.5 2.68 684 80.1 4230 0.638 lognormal
As 658.2 3.94 1753 95.2 10,900 0.176 lognormal
Hg 1.19 6.31 8.0 0.12 47.4 <0.001 empirical
Ni 10.2 1.94 12.4 2.31 27.1 0.373 lognormal
Cr 6.88 2.22 9.4 1.79 36.9 0.955 lognormal

GM—geometric mean; GSD—geometric standard deviation; AM—arithmetic mean. All concentra-
tions in mg·kg−1.

Sample 260 (eastern transect, 100 m), which returned anomalously low Fe and Zn in
the source study, was retained: it was excluded from enrichment-factor calculations in [8]
on normalization grounds that do not apply to the present analysis.

2.4. Probabilistic Risk Model

Human-health risk was modelled for an adult outdoor-worker receptor only following
the US EPA RAGS framework [25], with three exposure pathways: incidental soil ingestion,
inhalation of resuspended particulates and dermal contact. Chronic daily intake (CDI,
mg·kg−1·d−1) was calculated for each pathway as in [8], preserving the model structure so
that the two analyses differ only in the treatment of input variability.

Three sources of uncertainty are distinguished and treated separately. Variability—the
spatial variation in concentrations across the site and inter-individual variation in exposure
factors—is represented by the input distributions and propagated by the Monte Carlo
simulation; this is what the exceedance probabilities describe. Parameter uncertainty—the
uncertainty in the fitted distributions themselves, arising from the small number of samples
and from the choice of distributional model—is quantified by bootstrap resampling and
by the alternative concentration models described in Section 2.3 and below. Toxicity-value
uncertainty is treated not probabilistically but as a comparison between two parameteriza-
tions (Section Toxicity Values), because the question it addresses is whether the conclusions
survive a specific revision rather than how uncertain a given value is. The three are reported
separately and are not combined into a single interval. The workflow of the analysis is
summarized in Figure 2.

Exposure parameters were represented as distributions rather than point values
(Table 3). Central values follow the US EPA Exposure Factors Handbook [26] and match the
deterministic defaults used in [8], so that any divergence in output reflects distributional
treatment alone and not a change in central assumptions.

Dermal absorption factors were metal-specific: As 0.030, Pb 0.006, and 0.001 for Zn, Cd,
Cu, Hg, Ni and Cr. Following RAGS Part E, the dermal dose was expressed as an absorbed
dose before multiplication by the slope factor, and the oral slope factor was adjusted to
an absorbed-dose basis using a gastrointestinal absorption fraction of 1.0; absorption is
therefore applied once and not twice.
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Figure 2. Workflow of the analysis. The published dataset of [8] is used to fit concentration distribu-
tions, which are propagated through the US EPA RAGS exposure model for an adult outdoor worker
under two sets of toxicity values. Uncertainty and sensitivity analyses (bottom, dashed arrows) act
on the concentration distributions, the exposure model and the outputs.

Table 3. Stochastic exposure parameters, adult outdoor-worker scenario.

Parameter Distribution Parameters Central Value

Body weight (BW) Normal, truncated to 40–130 µ = 70, σ = 12 kg 70 kg
Soil ingestion rate (IngR) Lognormal GM = 50, GSD = 2.0 mg·d−1 50 mg·d−1

Inhalation rate (InhR) Normal, truncated to 8–35 µ = 20, σ = 3 m3·d−1 20 m3·d−1

Exposed skin area (SA) Normal, truncated to 1500–5500 µ = 3300, σ = 660 cm2 3300 cm2

Adherence factor (AF) Lognormal GM = 0.2, GSD = 2.0 mg·cm−2 0.2 mg·cm−2

Exposure frequency (EF) Triangular 180/250/350 d·yr−1 250 d·yr−1

Exposure duration (ED) Triangular 1/25/40 yr 25 yr
Particulate emission factor (PEF) Fixed 1.36 × 109 m3·kg−1 —

Averaging time, carcinogenic Fixed 70 × 365 d —
Averaging time, non-carcinogenic Fixed ED × 365 d —

Carcinogenic risk was computed as CR = Σ(CDIi × SFi) across metals and pathways
for As, Cd, Cr and Ni; non-carcinogenic hazard as HI = Σ(CDIi/RfDi) across all eight metals
and three pathways. Slope factors and reference doses are listed in Table 4.

Results are interpreted against screening levels rather than binary thresholds. Follow-
ing US EPA practice, carcinogenic risk is compared with the risk-management range of 10−6

to 10−4: 10−6 is the point of departure below which risk is generally not of concern, and
10−4 the upper end of the range, above which remedial action is generally warranted [27];
values within the range call for site-specific judgement. An HI above 1 indicates that the
estimated intake exceeds the reference dose and signals that further evaluation is needed;
it is not a prediction that adverse effects will occur. Because total arsenic, default exposure
parameters and a single occupational receptor are used, all results are screening-level
estimates, and ‘exceedance’ refers to these screening levels throughout.

In the primary analysis, concentrations of the eight metals were sampled independently
from their marginal distributions. Because the measured samples are paired multi-element
observations, the effect of this assumption was tested with two alternatives that preserve
the observed dependence: joint resampling of complete sample rows, with and without the
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kernel described in Section 2.3, and a Gaussian copula combining the observed Spearman
correlation matrix with the marginal distributions of Section 2.3 (Section 3.1; Table S4).

Table 4. Toxicity values applied under the two parameterizations.

Parameter
(Inorganic Arsenic) Set A Set B Basis of Set B

Oral slope factor,
per mg·kg−1·d−1 1.5 32

Combined bladder (17.6) and lung (21.3) cancer slope factors; Bayesian
hierarchical dose–response meta-analysis, logistic-power model;
11 bladder and 6 lung cancer studies. Updated 13 January 2025

Dermal slope factor,
per mg·kg−1·d−1 1.5 32 Oral slope factor with GI absorption = 1.0

Inhalation slope factor,
per mg·kg−1·d−1 15.1 15.1 Derived from IUR = 4.3 × 10−3 per µg·m−3 (1995), not revised in 2025

Oral RfD, mg·kg−1·d−1 3.0 × 10−4 6.0 × 10−5

Endocrine and cardiovascular systems; ischemic heart disease and
type 2 diabetes; UF_C = 3; confidence medium/high. Rounded from
osRfDs of 5.8 × 10−5 (type 2 diabetes) and 5.7 × 10−5 (ischemic heart

disease). Updated 13 January 2025

Slope factors and RfDs,
other seven metals

unchanged
between sets unchanged IRIS

Arsenic risk was computed from total concentrations, which is equivalent to a relative
oral bioavailability (RBA) of 1. Sensitivity to this assumption was examined by applying
RBA values of 0.2, 0.4, 0.6 (the US EPA default for arsenic in soil [28]) and 0.8 to the
ingestion pathway; dermal absorption is governed separately by the absorption factor, and
the inhalation pathway was left unchanged (Section 3.3; Table S8).

Simulations were run with 100,000 iterations using the PCG64 generator (seed
20260827) in Python 3.11 with NumPy 2.4 [29] and SciPy 1.17 [30]. Convergence was
verified by repeating the full analysis at 10 000 iterations under the same seed: exceedance
probabilities agreed to within 0.9% and tail percentiles to within 5.1%, while the means of
CR and HI agreed to within 1.6%. At 100,000 iterations the Monte Carlo standard error of
an exceedance probability is at most 0.16 percentage points. This figure describes numerical
precision conditional on the fitted distributions; it does not capture uncertainty arising
from the limited number of measured samples, which is addressed below. The comparison
is reproduced by the Supplementary Scripts.

Because the concentration distributions are fitted to 24 samples, their parameters
are themselves uncertain. This uncertainty was quantified by nonparametric bootstrap.
The 24 transect samples were resampled with replacement 1000 times; for each resample
the lognormal parameters (As, Cd, Cr, Cu, Ni, Pb) were re-estimated and the empirical
distributions (Zn, Hg) rebuilt, and the risk model was run with 10,000 iterations using
the same exposure-parameter draws. The 2.5th and 97.5th percentiles across replicates
are reported as 95% bootstrap intervals for the mean CR, mean HI and the exceedance
probabilities. For the zonal comparison, a stratified bootstrap was applied, resampling
Zone 1 (n = 16) and Zone 2 (n = 8) separately, and the ratio of mean CR between zones was
recorded in each of 1000 replicates. With n = 24 these percentile intervals are approximate
and indicate the order of magnitude of sampling uncertainty rather than exact coverage.

Toxicity Values

Set A comprises the toxicity values applied in the source assessment [8]. As a check
on the present model implementation, the full deterministic model was evaluated at the
RAGS point values on the measured concentrations, without recourse to any quantity
reported in [8]. Under IRIS toxicity values throughout, site-mean carcinogenic risk is
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6.44 × 10−4, 8.0% below the published figure of 7.0 × 10−4, and the worst-case sample
yields 4.00 × 10−3 against a published 4.3 × 10−3. Adding an oral slope factor for cad-
mium of 6.1 per mg·kg−1·d−1—a value issued in several national frameworks but not by
IRIS—raises the site-mean result to 7.02 × 10−4, within 0.3% of the published figure, the
entire residual of 5.80 × 10−5 being attributable to that single term. The model structure is
therefore reproduced; the element-wise apportionment differs solely through the treatment
of cadmium described below, and all results reported here use IRIS values only. Any
divergence between the deterministic and probabilistic results reported below reflects the
treatment of input variability rather than a difference in model structure.

The oral and dermal slope factors applied to chromium are not issued by IRIS, which
derives a carcinogenicity value for hexavalent chromium by the inhalation route only; the
values used here were taken from national compilations and applied to total chromium,
and chromium contributes 0.2% of total carcinogenic risk at this site. An inhalation RfC
for inorganic arsenic has not been assessed under the IRIS programme. Route-specific
inhalation and dermal reference doses used in the hazard index calculation were therefore
derived by route extrapolation from published compilations rather than taken directly
from IRIS, by applying a factor of 0.41 to the oral reference dose under either parameteri-
zation; this is noted in Section 4.6. Cadmium is classified by IRIS as carcinogenic by the
inhalation route only, and no oral slope factor is issued for it; cadmium carcinogenicity is
therefore restricted to the inhalation pathway throughout the present analysis, a pathway
contributing less than 0.1% of intake under the RAGS default particulate emission factor.
Assessments that apply an oral slope factor to cadmium, as some national frameworks do,
will apportion a correspondingly larger share of total carcinogenic risk to that element.

2.5. Sensitivity Analysis

The contribution of each stochastic input to output variance was quantified by Spear-
man rank correlation between the sampled input values and each output—total CR and
HI—across the 100,000 iterations, under both parameterizations. All fifteen stochastic
inputs were included: the eight metal concentrations and the seven exposure parameters.
An approximate contribution to output variance was obtained by normalizing the squared
rank correlations to 100%. Rank correlation was preferred over Pearson correlation because
the input–output relationships are monotonic but not linear, and because several inputs are
strongly right-skewed.

2.6. Scenario Analysis

Risk trajectories were projected over 5-, 10- and 20-year horizons under three manage-
ment scenarios, constructed by mechanism rather than by a uniform percentage reduction:
no intervention in either zone (S0); engineered containment of Zone 1 (0–10 m), with
no intervention in Zone 2 (S1); and engineered containment of Zone 1 combined with
phytostabilization of Zone 2 (10–100 m) (S2).

Engineered containment was modelled as interruption of all three exposure path-
ways within the treated zone, consistent with regulatory guidance, which describes caps
and covers as eliminating direct exposure to solid mining waste by creating a physical
barrier and as reducing or eliminating fugitive dust emissions, rather than as producing
a partial reduction in concentration [31]. An establishment lag of 1.0 yr was assumed
for construction.

Phytostabilization was modelled as suppression of the inhalation pathway only, with
ingestion and dermal contact retained, since a vegetative cover reduces dust emission with-
out removing surface soil from contact. An establishment lag of 3.5 yr was applied, based on
field data reporting 21–61% canopy cover after 41 months on compost-amended tailings [32].
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The underlying flux basis is a documented reversal from net emission (2323 g·m−2·yr−1,
unirrigated control) to net deposition (371 and 606 g·m−2·yr−1 at 16% and 32% canopy
cover) [3]. These measurements were not converted into a fractional reduction in inhalation
exposure; instead, the inhalation pathway was fully suppressed after the establishment
lag, which represents the most favourable case for phytostabilization. Because the cited
evidence indicates partial rather than complete cover, the dust-reduction efficiency was
additionally varied from 0 to 100% in steps of 25%, so that the inhalation pathway was
reduced by that fraction after the lag (Section 3.7; Table S6).

Both studies were conducted at the Iron King Mine and Humboldt Smelter Superfund
site (Dewey-Humboldt, AZ, USA), on sulfidic mine tailings enriched in arsenic and lead
under a semi-arid climate, where compost-amended plots were seeded with native plant
species [3,32]. Canopy cover is the proportion of the ground surface covered by the vertical
projection of plant foliage. The net emission or deposition flux is the difference between
the mass of wind-blown particles leaving and arriving at a unit area of surface per year; a
change from net emission to net deposition therefore indicates that the surface has ceased
to act as a dust source. The cited setting is comparable to the Shymkent heap in climate and
in the contaminants involved, which is why these data were used. It differs in substrate:
the Shymkent slag is coarser (0.5–15 mm) and slightly alkaline (pH 7.5–8.5) [8], and no
amendment or planting programme is in place at the site. Vegetation establishment on the
slag may therefore be slower and less complete than in the cited trials, and the transferred
values are treated as indicative rather than site-specific.

The projection horizon T governs the fraction of the exposure period over which an
intervention is credited; it does not replace the exposure duration, which is sampled from
its distribution as in Table 3. For each horizon T, the residual fraction of a suppressed
pathway was computed as 1 − max(0, (T − lag)/T), i.e., the intervention is credited only
for the portion of the exposure period during which it is operational.

Common random numbers were used across scenarios: concentrations were drawn
once per zone and reused for all three scenarios, so that between-scenario differences reflect
the modelled intervention alone and not simulation noise. Zonal results were combined
assuming equal receptor time allocation between Zone 1 and Zone 2. In the absence of
information on how workers divide their time, equal weighting was used as a neutral
default; its influence was examined by repeating the scenario analysis for Zone 1:Zone 2
allocations of 100:0, 75:25, 25:75 and 0:100 (Section 3.7; Table S7).

2.7. Data and Code Availability

The source geochemical data are published as Supplementary Table S1 of [8]. Simula-
tion code is provided as Supplementary Material and reproduces all reported values from
the published dataset.

3. Results
3.1. Concentration Distributions

Fitted distribution parameters are given in Table 2 (Section 2.3). Geometric standard
deviations ranged from 1.94 (Ni) to 6.31 (Hg), confirming substantial right-skew across all
priority metals; for the four metals entering the carcinogenic-risk calculation they were
3.94 (As), 3.65 (Cd), 2.22 (Cr) and 1.94 (Ni). The ratio of arithmetic to geometric mean
reaches 2.66 for As (1753 versus 658.2 mg·kg−1) and 2.40 for Cd (53.7 versus 22.4 mg·kg−1).

Six of the eight metals were consistent with a lognormal model (Shapiro–Wilk on log
values, p = 0.108–0.955). Zn and Hg were not (p < 0.001 in both cases). The measured
concentrations along the four transects, expressed as multiples of the Kazakhstan maximum
permissible concentration, are mapped in Figure S2. Interpolated concentration surfaces
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were not produced: with four radial transects, the sectors between them are unsampled,
and interpolation would assign values to large areas without measurements.

The lognormal model had the lowest AIC for five of the six parametrically modelled
metals (for As, ∆AIC = 8.5 relative to the gamma and 6.2 relative to the Weibull model);
for Ni the three models were indistinguishable (∆AIC < 0.5), and no model was rejected
by the Kolmogorov–Smirnov test (p ≥ 0.16; these p values are conservative because the
parameters were estimated from the same data). Replacing the lognormal model with
gamma or Weibull distributions, or using empirical resampling for all eight metals, changed
P(CR > 10−4) from 69.9% to 67.7–71.9% under Set A and from 99.3% to 95.5–99.8% under
Set B (Table S4). The lighter upper tails of the gamma and Weibull models reduce the
Set B probabilities by about four percentage points; no conclusion is altered. Normal
quantile–quantile plots of the log-transformed concentrations (Figure S1) provide a check
that does not depend on test power, and the bootstrap gives 95% intervals for the fitted As
parameters of 397–1115 mg·kg−1 for the geometric mean and 2.59–5.23 for the geometric
standard deviation (Table S2).

Pb, Zn, Cd, Cu and Ni were strongly inter-correlated (Spearman ρ = 0.80–0.90), whereas
As was weakly and non-significantly correlated with all metals except Hg (ρ = 0.17–0.32;
As–Hg ρ = 0.47, p = 0.021). Because As dominates both CR and HI and is nearly independent
of the other metals, preserving the dependence structure had little effect. Under Set A,
P(CR > 10−4) was 68.1% with joint row resampling and 70.0% with the Gaussian copula,
against 69.9% with independent sampling; under Set B it was 99.3–99.8% (99.3%). P(HI > 1)
was 78.1–79.7% under Set A (82.1%) and 96.5–98.3% under Set B (97.3%) (Table S4). The
independence assumption therefore does not materially affect the conclusions.

These departures have different causes. Mercury shows the largest dispersion of
any element (GSD = 6.31, more than 1.5 times that of any other metal) and a clearly
bimodal distribution: values of 37.9–47.4 mg·kg−1 at four of the six western-transect points
against 0.12–0.98 mg·kg−1 at seventeen of the remaining eighteen, a separation of more
than an order of magnitude with only three intermediate values (2.36 and 6.98 mg·kg−1

on the western transect and 2.44 mg·kg−1 elsewhere). This is consistent with the two
distinct depositional processes identified in the source assessment [8] and is not adequately
represented by any single unimodal parametric form. Zinc departs less dramatically but
spans 7.79 to 2870 mg·kg−1, and its lowest value comes from sample 260, retained here
for the reasons given in Section 2.3. For both metals, empirical resampling preserves
the observed structure without imposing a form the data do not support; neither metal
contributes materially to carcinogenic risk, so the choice affects the hazard index only. The
two modes of Hg correspond to two depositional settings—the western transect and the
other three—rather than to a mixture within a single population. Empirical resampling
reproduces both modes in the observed proportions, whereas a two-component mixture
or a transect-stratified model fitted to six and eighteen observations would be poorly
constrained; and because Hg contributes about 0.3% of the mean hazard index, the choice
of Hg model does not affect any reported result.

For the four metals entering the carcinogenic-risk calculation the lognormal fits were
satisfactory, and arsenic—which dominates the output (Section 3.5)—returned a p value
of 0.176, below those of Cr (0.955) and Ni (0.373) but above that of Cd (0.108). The As
distribution spans 95.2 to 10,900 mg·kg−1 across the 24 transect samples, a range of more
than two orders of magnitude within a 100 m radius, which is the feature that makes a
point-estimate summary problematic at this site.
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3.2. Distributions of Carcinogenic Risk and Hazard Index

The distributions of CR and HI under both parameterizations are summarized in
Table 5. Both are strongly right skewed under either parameterization. Under Set A
the CR interquartile range spans 7.91 × 10−5 to 6.38 × 10−4 while the 99th percentile
reaches 8.20 × 10−3—two orders of magnitude above the first quartile—and the mean
(7.38 × 10−4) exceeds the median (2.26 × 10−4) by a factor of 3.3. A mean that sits above
the 75th percentile is characteristic of a distribution whose expectation is governed by
its upper tail rather than by its central mass. The same structure appears in the hazard
index (mean 8.03, median 3.12) and is preserved under Set B, since a slope factor scales the
distribution without altering its shape. Figure 3 shows both distributions as exceedance
curves, which give the probability of exceeding any level of CR or HI. In the extreme
upper tail the simulated values exceed unity under Set B (maximum 7.34), where the linear
low-dose extrapolation underlying the slope-factor model no longer holds; such iterations
should be read as an indication of the weight of the tail rather than as risk estimates in the
probabilistic sense.

Table 5. Distributions of CR and HI under both parameterizations.

Statistic CR, Set A CR, Set B HI, Set A HI, Set B

Mean 7.38 × 10−4 1.57 × 10−2 8.03 37.4
5th percentile 1.78 × 10−5 3.63 × 10−4 0.439 1.41

25th percentile 7.91 × 10−5 1.66 × 10−3 1.35 5.04
Median 2.26 × 10−4 4.77 × 10−3 3.12 13.0

75th percentile 6.38 × 10−4 1.35 × 10−2 7.58 34.2
95th percentile 2.86 × 10−3 6.08 × 10−2 29.2 141
99th percentile 8.20 × 10−3 1.75 × 10−1 78.3 386

Maximum 3.44 × 10−1 7.34 3040 15,200

Figure 3. Exceedance curves for (a) total carcinogenic risk (CR) and (b) the hazard index (HI) across
100,000 Monte Carlo iterations, adult outdoor-worker scenario, under the toxicity values applied in
the source assessment (Set A) and the values established by the January 2025 IRIS revision (Set B).
Each curve gives the probability that the simulated value exceeds the level on the horizontal axis.
Dotted lines mark 10−6 and 10−4, the lower and upper ends of the US EPA risk-management range,
and HI = 1; filled circles give the probability of exceeding 10−4 and HI = 1. Open symbols mark the
site-mean (7.0 × 10−4, squares) and worst-case (4.3 × 10−3, triangles) point estimates reported for
the same dataset in [8]: under Set A these are exceeded by 23.1% and 2.8% of simulated exposures,
and under Set B by 89.0% and 52.7%.
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3.3. Exceedance Probabilities

Exceedance probabilities against the screening levels are given in Table 6. Under Set
A, exceedance of the 10−4 carcinogenic screening level is more likely than not (69.9%) but
far from certain, and exceedance of 10−3 occurs in roughly one simulated exposure in six.
Under Set B both statements change character: exceedance of 10−4 becomes effectively
certain (99.3%) and exceedance of 10−3 becomes the majority outcome (84.0%). The non-
carcinogenic endpoint behaves similarly, with P(HI > 1) rising from 82.1% to 97.3% and
P(HI > 10) from 19.1% to 57.4%.

Table 6. Exceedance probabilities against screening levels.

Threshold Set A Set B

CR > 10−6 99.98% 100.0%
CR > 10−5 97.8% 100.0%
CR > 10−4 69.9% 99.3%
CR > 10−3 16.8% 84.0%

HI > 1 82.1% 97.3%
HI > 4 42.4% 80.1%
HI > 10 19.1% 57.4%

The distinction matters for how a conclusion is stated. Under Set A the defensible
statement is that risk is more likely than not to exceed the upper end of the risk-management
range; under Set B, that it almost certainly does. Neither statement is available from a
point estimate, and the two differ in the degree of confidence a manager could attach to a
decision to intervene.

Sampling uncertainty is considerably larger than numerical uncertainty (Table S2).
Across 1000 bootstrap replicates, P(CR > 10−4) ranged from 59% to 80% under Set A and
from 98.4% to 99.9% under Set B (95% intervals), and P(HI > 1) from 72.5% to 90.1% and
from 94.5% to 99.2%. In every replicate both exceedance probabilities remained above 50%
under either parameterization.

Relative bioavailability of arsenic affects the Set A results more than the Set B results
(Table S8). At the US EPA default RBA of 0.6, mean CR was 29% lower than with total
arsenic, and P(CR > 10−4) was 62.5% under Set A and 98.7% under Set B; at an RBA of 0.2
the corresponding probabilities were 49.5% and 97.2%. The reduction in mean CR is less
than proportional to RBA because dermal contact, which carries 28% of CR, is not affected.
P(HI > 1) remained above 72% under Set A and above 93% under Set B across the range.

3.4. Position of the Published Point Estimates

The position of each published point estimate within the simulated distributions is
given in Table 7. With the source-assessment values, 23.1% of simulated exposures exceed
the published site-mean CR and 2.8% exceed the published worst case. Substituting the
current toxicity values shifts both figures to 89.0% and 52.7%: what was reported as the site
worst case now falls near the median of the distribution.

Table 7. Position of the published point estimates within the simulated distributions.

Published Estimate Value Percentile, Set A Percentile, Set B

Site-mean CR 7.0 × 10−4 76.9 11.0
Worst-case CR 4.3 × 10−3 97.2 47.3
Site-mean HI 4.3 59.7 21.5
Worst-case HI 26.6 94.3 69.2
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Mean CR under Set B is 21.3× that under Set A; mean HI is 4.7×. The ratio for CR
follows directly from the 21.3-fold increase in the arsenic oral slope factor, since ingestion
and dermal contact together account for 99.8% of arsenic CR (inhalation 0.17%). Because
the concentrations and the exposure model are identical under both parameterizations, this
difference reflects the toxicity values alone; it implies no change in the contamination of the
site or in the exposure of the worker.

The effect of moving from deterministic to probabilistic treatment is small compared with
the effect of the toxicity-value revision. Evaluated at the RAGS central-tendency exposure
values and site-mean concentrations, the present model gives CR = 6.4 × 10−4 under Set A and
1.37 × 10−2 under Set B; the corresponding probabilistic means are 7.4 × 10−4 and 1.57 × 10−2,
higher by a factor of 1.15 under either set. Replacing Set A with Set B multiplies CR by 21.2 in
the deterministic and 21.3 in the probabilistic calculation. For HI the corresponding factors are
1.3 (probabilistic versus deterministic) and 4.7 (Set B versus Set A). The toxicity-value revision
therefore moves the estimate by more than an order of magnitude, whereas the change in
method moves it by 15–30%. What the probabilistic treatment adds is not a different central
value but the distribution around it: the probability of exceeding 10−4 (69.9% under Set A,
99.3% under Set B) and HI = 1 (82.1% and 97.3%), and the position of the published point
estimates within that distribution (Table 7). The published deterministic site-mean estimate of
7.0 × 10−4 [8] differs from the value reproduced here (6.4 × 10−4) because it included a legacy
oral slope factor for cadmium (Section Toxicity Values).

3.5. Contaminant Contributions and Sensitivity

Arsenic accounted for 99.8% of mean CR under both parameterizations, with Cr
contributing 0.2% and Cd and Ni together less than 0.05%. Arsenic also dominated the
non-carcinogenic endpoint, contributing 91.7% of mean HI under Set A, followed by Pb
(6.9%) and Cd (1.0%).

Sensitivity ranking (Spearman ρ with total CR; Table 8) is unchanged between the two
parameterizations, since a slope factor scales the output without altering rank order.

Table 8. Sensitivity of total carcinogenic risk to model inputs (Spearman rank correlation, 100,000 it-
erations). The seven metal concentrations other than As (|ρ| ≤ 0.005) are not listed here; they are
given, together with the full ranking for CR and HI under both parameterizations, in Table S5.

Input ρ

As concentration +0.867
Soil ingestion rate (IngR) +0.292
Exposure duration (ED) +0.268
Adherence factor (AF) +0.133

Body weight (BW) −0.109
Exposure frequency (EF) +0.084
Exposed skin area (SA) +0.040
Inhalation rate (InhR) −0.004

Arsenic concentration dominates, exceeding the next-ranked input by a factor of three
(Figure 4).

With all fifteen stochastic inputs included, the concentrations of the seven metals other
than As show negligible rank correlation with CR (|ρ| ≤ 0.005). For HI, As concentration
again dominates (ρ = +0.852 under Set A and +0.904 under Set B, corresponding to about
79% and 85% of explained variance). The HI ranking differs from the CR ranking in two re-
spects. Exposure duration has no influence on HI (ρ = −0.001), because for non-carcinogenic
endpoints it cancels between intake and averaging time, whereas the adherence factor rises
in rank (ρ = +0.242 under Set A) because dermal contact contributes 48% of mean HI against
28% of mean CR. Pb concentration is the only non-As metal with a detectable influence on
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HI (ρ = +0.153 under Set A, about 2.5% of explained variance; +0.044 under Set B). The full
ranking for both outputs and parameterizations is given in Table S5.

Figure 4. Sensitivity of total carcinogenic risk (CR) and the hazard index (HI) to the stochastic model
inputs across 100,000 Monte Carlo iterations, under the source-assessment (Set A) and 2025 IRIS (Set B)
toxicity values. Each cell gives the Spearman rank correlation between the input and the output (upper
value; colour scale) and the approximate contribution of the input to output variance, obtained by
normalizing the squared correlations of all fifteen inputs to 100% (lower value). Arsenic concentration
dominates both outputs (ρ = +0.867 for CR under Set A), exceeding the next-ranked input by a factor of
three. Exposure duration has no influence on HI, and Pb concentration is the only other metal with a
detectable influence (HI, Set A). Concentrations of the remaining six metals (|ρ| ≤ 0.03) are not included
in the figure; they are reported, together with the full ranking, in Table S5.

Body weight carries the only negative correlation, as expected from its position in
the denominator of the intake equation. The four exposure parameters that a site-specific
occupational survey could realistically refine—exposure duration, ingestion rate, adherence
factor and frequency—together rank well below arsenic concentration.

Inhalation rate shows negligible rank correlation (ρ < 0.01). This follows from the
RAGS default particulate emission factor of 1.36 × 109 m3·kg−1, under which the inhalation
chronic daily intake is more than three orders of magnitude smaller than the ingestion
intake; the inhalation pathway contributes 0.17% of arsenic carcinogenic risk under Set
A (0.01% under Set B), against 71.4% for ingestion and 28.4% for dermal contact. This
pathway structure governs the scenario results reported in Section 3.7.

3.6. Zonal Risk Distribution

Risk was computed separately for the two zones of the published three-tier framework
(Table 9, Figure 5).

Mean risk in Zone 2 is 1.81× that in Zone 1, and mean HI is 1.72× higher. Zone 1
nevertheless carries the higher exceedance probability (77.5% versus 60.3%).

These two statements are not contradictory and describe different features of the
distributions. Zone 1 is uniformly contaminated: nearly all sampling points exceed 10−4,
but few reach extreme values. Zone 2 is spatially patchy: a majority of points exceed
10−4, but the distribution carries substantially heavier upper values, driven by the western-
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transect secondary maxima at 50 and 100 m (As 7610 and 7900 mg·kg−1; Pb 7850 mg·kg−1

at 100 m). Mean risk is governed by the tail; exceedance probability by the bulk.

Table 9. Zonal risk, no-intervention scenario, 20-yr horizon.

Zone n Mean As (mg·kg−1) Max As Mean CR P(CR > 10−4) Mean HI

Zone 1 (0–10 m) 16 1557 10,900 5.72 × 10−4 77.5% 7.0
Zone 2 (10–100 m) 8 2144 7900 1.04 × 10−3 60.3% 12.0

Figure 5. Zonal comparison at the 20-year horizon under the no-intervention scenario, Set A toxicity
values: (a) Mean carcinogenic risk (logarithmic axis; the dotted line marks 10−4) and (b) probability of
exceeding 10−4. Error bars show 95% stratified-bootstrap intervals (1000 replicates, zones resampled
separately). Zone 2 has the higher point estimate of mean risk and Zone 1 the higher exceedance
probability, but the intervals overlap widely and the zonal ordering is not resolved by the data
(Section 3.6). The Zone 2 mean is carried by two of eight samples (Table 10).

Table 10. Leave-one-out stability of the Zone 2:Zone 1 mean-As ratio (Zone 1 mean As = 1557 mg·kg−1,
n = 16; full Zone 2 ratio = 1.38).

Sample Excluded Transect Distance (m) As in Sample Zone 2 Mean As Ratio

247 South 50 193 2423 1.56
248 South 100 97.6 2436 1.56
253 North 50 183 2424 1.56
254 North 100 95.2 2437 1.56
259 East 50 194 2423 1.56
260 East 100 879 2325 1.49
265 West 50 7610 1363 0.88
266 West 100 7900 1322 0.85

The non-monotonic decay producing these secondary maxima was documented in [8],
which reported that a simple radial dispersion model does not describe the contamination
plume and declined to fit one. The consequence for remediation prioritization was not
drawn there and is developed in Section 4.4.

Because the zonal comparison rests on eight outer-zone samples, its stability was
tested by leave-one-out analysis on mean As concentration (Table 10).

Exclusion of either western-transect sample reverses the ordering; exclusion of any of
the remaining six leaves the ratio at 1.49–1.56. The zonal comparison is therefore carried by
two of eight samples, both on the transect identified in [8] as carrying the highest mean
concentrations of Pb, Cd, Hg and As. The interpretation of this dependence is developed in
Section 4.4.
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Note that the Zone 2:Zone 1 ratio computed on mean As concentration (1.38) is lower
than the ratio of mean modelled CR (1.81). The two are not directly comparable: risk is
computed from fitted lognormal distributions, whose expectation is more sensitive to the
upper tail than the arithmetic mean of the underlying samples. The larger ratio for risk
than for mean concentration is the same tail effect described in Section 3.2, operating within
rather than between frameworks.

The stratified bootstrap confirms that the zonal comparison is not resolved by the data:
the 95% interval for the Zone 2:Zone 1 ratio of mean CR is 0.16–9.9, and Zone 2 exceeded
Zone 1 in 68% of replicates.

3.7. Scenario Projections

Projected risk under the three management scenarios is given in Table 11 and Figure 6.
Relative mean CR under S1 (S0 = 1.000): 0.716/0.680/0.662 at 5/10/20 yr under Set A;

0.715/0.680/0.661 under Set B. Containment removes roughly a third of mean risk under
either parameterization—the proportional benefit of intervention is invariant to the toxicity
values, because a slope factor scales all scenarios equally. The revision therefore changes
the absolute risk level but not the relative merit of the interventions.

Figure 6. Projected risk under management scenarios at 5-, 10- and 20-year horizons under Set A
(a,b) and Set B (c,d). (a,c) Mean carcinogenic risk on a common logarithmic axis; the dotted line marks
the 10−4 screening level. (b,d) Probability of exceeding 10−4. S0 = no intervention; S1 = engineered
containment of Zone 1 (0–10 m); S2 = containment of Zone 1 plus phytostabilization of Zone 2 (10–100 m).
S1 and S2 are plotted as a single series because they differ by less than 0.3% at every horizon.
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Table 11. Scenario projections under both parameterizations.

Set A—Toxicity Values of the Source Assessment

T (yr) Scenario Mean CR P(CR > 10−4)

5 S0 2.01 × 10−4 41.3%
5 S1/S2 1.44 × 10−4 24.3%
10 S0 4.03 × 10−4 63.6%
10 S1/S2 2.74 × 10−4 36.0%
20 S0 8.05 × 10−4 82.4%
20 S1/S2 5.33 × 10−4 49.6%

Set B—2025 IRIS values

T (yr) Scenario Mean CR P(CR > 10−4)

5 S0 4.28 × 10−3 99.1%
5 S1/S2 3.06 × 10−3 93.6%
10 S0 8.56 × 10−3 99.9%
10 S1/S2 5.82 × 10−3 96.4%
20 S0 1.71 × 10−2 100.0%
20 S1/S2 1.13 × 10−2 98.2%

The result for S2 does not depend on the assumption of complete dust suppression.
With the dust-reduction efficiency varied from 0 to 100%, mean CR under S2 differed from
that under S1 by at most 0.14% under Set A and 0.006% under Set B (20-yr horizon), and
the probability of exceeding 10−4 was unchanged at the reported precision (Table S6). This
follows from the pathway structure: inhalation contributes 0.17% of mean CR under Set A
and 0.01% under Set B (Section 3.5), so that complete suppression is an upper bound on the
benefit of phytostabilization for the occupational receptor rather than an assumption on
which the result depends.

The benefit of containing Zone 1 depends strongly on how the receptor divides time
between the zones. At the 20-year horizon under Set A, mean CR under S1 relative to
S0 was 0.05, 0.41, 0.66, 0.85 and 1.00 for Zone 1:Zone 2 allocations of 100:0, 75:25, 50:50,
25:75 and 0:100, and P(CR > 10−4) under S1 was 5%, 38%, 50%, 56% and 60%, respectively
(Table S7). Without intervention, P(CR > 10−4) ranged from 60% to 84% under Set A and
from 97% to 100% under Set B across these allocations. The screening conclusion therefore
does not depend on the allocation, but the effectiveness of containment limited to Zone 1
does: it is substantial only if the worker spends most of the time within 10 m of the heap.

S1 and S2 remain indistinguishable under both sets (<0.3%).

4. Discussion
The Discussion distinguishes three kinds of statement. Observed results are properties

of the measured concentrations and hold without further assumptions. Model-derived
results—exceedance probabilities, sensitivity rankings and scenario outcomes—hold con-
ditionally on the exposure model, the toxicity values and the distributional assumptions.
Management implications depend in addition on assumptions that have not been validated
at this site, notably occupancy, arsenic bioavailability, the respirable fraction implied by
the particulate emission factor, and the choice of receptor; they are stated as conditional on
those assumptions.

4.1. What a Point Estimate Does Not Convey

Under Set A the probabilistic mean (7.38 × 10−4) and the published deterministic
estimate (7.0 × 10−4), computed at central-tendency exposure values, agree to within about
5% for this dataset, an agreement that depends on the shape of the distributions and should
not be generalized to other sites. Deterministic evaluation at central parameter values
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therefore approximates the distributional mean at this site, and the two frameworks do not
disagree about central tendency.

They differ in what they report. The deterministic figure states that a calculated value
exceeds 10−4; the probabilistic analysis states that 69.9% of plausible exposures do. These
are different quantities, and only the second is directly usable in a decision [9] that weighs
the cost of intervention against the likelihood of harm. Similarly, the value reported as
the site worst case is exceeded by 2.8% of simulated exposures—a figure that cannot be
inferred from the point estimate, and that a manager might reasonably regard as either
negligible or as requiring action depending on the receptor population size.

Two independent studies that applied both frameworks to a single dataset support
the general position. A dual-model comparison across 444 paired soil–crop samples re-
ported that deterministic methods underestimate risk for the most exposed 15–25% of an
agricultural population [10]. A study of 740 topsoil samples in Guizhou, China, likewise
found mean hazard index and carcinogenic risk values to be higher under the probabilistic
approach, and noted that traditional deterministic values may underestimate arsenic risk
specifically [33]—the element that dominates risk at the present site. At Shymkent the diver-
gence in the mean is small (5%), which is itself informative: agreement in central tendency
does not imply that the point estimate carries the same information as the distribution.

The practical recommendation is narrow and defensible: screening-level assessments
at sites with strongly right-skewed concentration distributions should report exceedance
probabilities alongside point estimates. This requires no additional sampling—only that
the existing data be treated as a distribution [9].

The number of Monte Carlo iterations and the amount of empirical information are
separate quantities. The 100,000 iterations fix the numerical precision of each estimate to
within 0.16 percentage points, but they cannot add information beyond the 24 samples
that define the concentration distributions. Bootstrap intervals, which reflect that limit,
span roughly 20 percentage points for the site-wide exceedance probability under Set A
and more than an order of magnitude for the ratio between zones (Sections 3.3 and 3.6).
Probabilistic output from a small dataset is therefore most informative where it is robust to
resampling—here, the site-wide conclusion under either set of toxicity values—and least
informative where it is not, as for the zonal comparison.

4.2. Sensitivity to the Toxicity-Value Revision

The 2025 IRIS revision of inorganic arsenic raises mean CR at this site by a factor of
21.2 and mean HI by 4.7. The magnitude follows from the site’s contamination profile:
arsenic contributes 99.8% of carcinogenic risk, so the site’s risk estimate is effectively a
function of a single toxicity value.

The qualitative conclusion is unaffected. Under both parameterizations the 10−4

screening level is exceeded by a majority of simulated exposures (69.9% and 99.3%) and
HI = 1 by a large majority (82.1% and 97.3%). The finding of [8] that risk at this site exceeds
the screening levels, and that arsenic is its dominant driver, holds under either set of values
and is in that sense robust.

The quantitative estimate is not. Under current values the point estimate previously
reported as the site worst case falls at the 48.5th percentile—close to the median. This is a
property of the revision, not of the earlier calculation [34]: the same concentrations and the same
exposure model yield a risk estimate 21 times higher because one toxicity value changed. It
does not indicate that contamination or exposure at the site has increased. A decision calibrated
to the absolute magnitude of an estimate produced under either set—a remediation trigger, or
a comparison against a site assessed at a different date—is therefore calibrated to the toxicity
values in force at the time of assessment as much as to site conditions.
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The generalizable point concerns comparability rather than correctness. Assessments
of arsenic-dominated sites completed before and after January 2025 are not on the same
scale. The discrepancy between them is larger than the spatial variability such assessments
are designed to resolve. Where risk estimates are compared across sites or over time—as
they routinely are in prioritization exercises—the toxicity-value vintage should be reported
alongside the estimate [34,35]. Recomputation under current values is inexpensive where
the underlying concentration data are published, as they were here. Exceedance proba-
bilities are not, however, equally robust to every source of uncertainty: they were stable
under the toxicity revision, sampling uncertainty and the alternative concentration models
tested, but remained sensitive to occupancy and arsenic bioavailability, and for any receptor
exposed mainly by inhalation they would depend on the particulate emission factor.

4.3. Arsenic Governs Precision Under Either Parameterization

Arsenic accounts for 99.8% of mean CR and 91.7% of mean HI, and its concentration
shows a rank correlation with total CR (ρ = +0.867) exceeding that of the next-ranked
input by a factor of three (Section 3.5). The four exposure parameters that a site-specific
survey could realistically refine—exposure duration, ingestion rate, adherence factor and
frequency—together account for a small fraction of output variance.

This shapes how additional resources should be allocated. A site-specific occupational
exposure survey, which is the conventional response to uncertainty in a screening-level as-
sessment, would reduce output variance marginally. A finer-resolution sampling of arsenic,
particularly along the eastern transect where the 10,900 mg·kg−1 hotspot was recorded as a
single point flanked by markedly lower values, would reduce it substantially. Sensitivity
analysis converts an intuition about data gaps into a defensible allocation of survey effort,
and this is among the more useful and least-used products of probabilistic assessment.

The dominance of arsenic also reinforces the co-priority argument made in [8] and
reported at comparable Pb–Zn smelting sites elsewhere [36–38]: at polymetallic Pb–Zn
legacy sites, the contaminant with the largest mass burden is not the contaminant that
drives risk. Probabilistic treatment widens this divergence rather than narrowing it, because
arsenic combines a high slope factor with the heaviest distributional tail among the priority
metals, a behaviour with a mineralogical basis: at non-ferrous smelting sites arsenic
partitions largely into reducible and residual phases and is hosted in discrete mineral grains
rather than dispersed through the soil matrix, producing pronounced heterogeneity at
metre scale [39,40].

Comparison with other assessments places these results in a regional and international
context. Within Kazakhstan, the only nationwide stochastic assessment of urban soils
identified Shymkent as one of the four most contaminated of 22 cities, together with
Balkhash, Ust-Kamenogorsk and Ridder, and found carcinogenic risks well above the
screening level, driven mainly by ingestion of lead by children [41]. That assessment was
based on state monitoring data for Pb, Cd, Cu, Zn and Cr and did not include arsenic. The
present results indicate that at a slag reprocessing site within the same city arsenic, rather
than lead, governs risk, so that assessments omitting arsenic may understate risk where
Pb–Zn metallurgical residues are present. In Kentau, a single-industry town of the same
region with a long history of Pb–Zn ore processing, surface soils remain contaminated with
Zn, Cd, Pb and Cu [7], which indicates that such residues persist as long-term sources.
Internationally, the closest analogue is a probabilistic assessment of arsenic-contaminated
allotment-garden soils in the former gold- and arsenic-mining town of Złoty Stok, Poland,
where total As ranged from 433 to 1148 mg·kg−1 [42]. There, 54% of simulated adult
exposures reached a carcinogenic risk of 10−4, ingestion and dermal contact accounted
for nearly all risk while inhalation was negligible, total As and the soil ingestion rate
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were the principal drivers, and adjusting ingestion for measured bioaccessibility reduced
ingestion-related risk by 89%. The pathway structure and sensitivity ranking found here
are consistent with those results despite differences in receptor and exposure assumptions,
and the size of the bioaccessibility effect reported there indicates that the lower end of the
RBA range examined in Section 3.3 is realistic for mining-affected soils.

4.4. Distance from Source Is a Poor Proxy for Risk

The three-tier zonation proposed in [8] prioritizes the 0–10 m perimeter for engineered
intervention, the 10–100 m band for phytostabilization, and beyond 100 m for monitored
attenuation. The third tier contains no transect samples and was not modelled here, so the
present analysis bears on the ordering of the first two tiers only. The ordering follows the
intuition of radial decay from a point source.

The present analysis does not confirm that ordering on risk grounds. Mean CR in Zone
2 (10–100 m) is 1.81× that in Zone 1 (0–10 m), and mean HI is 1.72× higher (Section 3.6).
The mechanism is visible in the source data: the western transect carries As concentrations
of 7610 mg·kg−1 at 50 m and 7900 mg·kg−1 at 100 m, and Pb of 7850 mg·kg−1 at 100 m—a
secondary maximum at the outer edge of Zone 2.

This result depends on those two samples. Leave-one-out analysis (Section 3.6,
Table 10) shows that excluding either the 50 m or the 100 m western sample reverses
the comparison, reducing the Zone 2:Zone 1 mean-As ratio from 1.38 to 0.88 and 0.85
respectively; excluding any of the remaining six samples leaves the ratio at 1.49–1.56. Two
of eight samples therefore carry the finding.

This dependence is taken to be informative rather than disqualifying, for two reasons.
The two samples are not analytical outliers. They lie on the western transect, which [8]
identified as carrying the highest mean concentrations of four priority metals, oriented
along the prevailing wind regime, away from the Badam River and toward the A-2 highway
and adjacent residential areas. Their values also sit within a broadly elevated arsenic profile
along that transect—3890 mg·kg−1 at 0 m, 7610 at 50 m and 7900 at 100 m—rather than
standing isolated within it. More importantly, the sensitivity is itself the finding: where two
samples in eight can reverse the risk ordering between zones, a distance-stratified design
with n = 8 beyond the perimeter does not resolve the risk surface, and any zonation derived
from it—including the ordering proposed in [8] and the reversal suggested here—rests on
insufficient support.

What the data do establish is limited. The stratified bootstrap interval for the Zone
2:Zone 1 ratio of mean CR (0.16–9.9) includes values well below and well above unity, so
the present design cannot determine whether risk beyond the 10 m perimeter is lower or
higher than within it. Pernebayev et al. [8] documented the non-monotonic concentra-
tion pattern and declined to fit a radial dispersion model on that basis, while retaining
a distance-ordered zonation in its management recommendations. The present results
indicate that this zonation is not supported by the risk data, but they equally do not support
a reversed ordering.

Zone 1 nevertheless carries the higher exceedance probability (77.5% versus 60.3%).
The zones therefore differ in the character of their contamination, not merely in its degree:
Zone 1 is uniformly and reliably contaminated; Zone 2 is patchily and severely so. Mean
risk responds to the tail; exceedance probability responds to the bulk. A management
framework built on either statistic alone will misallocate effort, and the two should be
reported together.

The generalizable point is that at sites where deposition is wind-controlled and runoff
redistributes coarse fragments along topographic gradients, distance from the source
perimeter is a poor proxy for risk. Zonation should follow the measured risk surface, and a

https://doi.org/10.3390/toxics14100894

https://doi.org/10.3390/toxics14100894


Toxics 2026, 14, 894 23 of 29

sampling design stratified by distance rather than by expected risk will not resolve that
surface at reasonable cost. Directional stratification weighted toward the prevailing wind
vector, with denser sampling where secondary maxima have already been observed, would
support zonation decisions that the present design cannot.

4.5. The Receptor Determines Which Intervention Appears Effective

Containment of Zone 1 reduces mean CR to 0.660 of the no-intervention value at the
20-year horizon when time is divided equally between the zones; the reduction ranges
from 95% to none as the share of time spent in Zone 1 falls from 100% to zero (Section 3.7).
Adding phytostabilization of Zone 2 produces no additional reduction: S1 and S2 differ by
less than 0.3% at every horizon (Section 3.7).

This follows directly from the sensitivity analysis. Phytostabilization was modelled as
suppression of dust emission, which acts on the inhalation pathway; inhalation contributes
0.17% of worker CR under Set A and 0.01% under Set B under the RAGS default particulate
emission factor of 1.36 × 109 m3·kg−1, and shows negligible rank correlation with output
(ρ < 0.01). Within this model, an intervention acting on a pathway that carries almost
none of the modelled risk cannot reduce that risk. This is a model outcome for the on-site
occupational receptor under the default particulate emission factor, not a general statement
about the performance of phytostabilization, whose benefit lies in reducing off-site dust
transport and exposure of receptors not modelled here.

This result must not be read as evidence against phytostabilization. It is a statement
about the receptor, not the measure. The occupational receptor modelled here stands on
the contaminated surface; dust generated at mining and metallurgical sites is nonetheless
a documented source of measurable exposure in adjacent settlements [43,44]; ingestion
and dermal contact dominate, and a vegetative cover does not remove soil from con-
tact. The receptor that phytostabilization protects is the off-site resident, for whom the
transport pathway—wind-driven dispersion of fine particulates—is the exposure pathway.
Pernebayev et al. [8] reported Pb at 205 mg·kg−1 (12× upper continental crust) at a refer-
ence point 1.5 km from the heap, indicating that this transport is operative at the kilometre
scale in the prevailing wind regime.

The general implication is methodological. Where a risk assessment is used to compare
interventions, the choice of receptor silently determines the ranking. An occupational-only
assessment will systematically favour barrier measures over emission-control measures,
because barriers act on the pathways that dominate on-site exposure. Site-management
frameworks derived from single-receptor assessments therefore encode a preference that is
an artefact of scope rather than a property of the interventions. Extension of the present
analysis to a residential receptor is the most direct route to resolving this, and is identified
as the priority next step (Section 4.6).

4.6. Limitations

Single sampling campaign. All concentration data derive from one campaign
(24 April 2026). How metal mobility shifts between seasons in this semi-arid setting, where
moisture arrives episodically, is therefore not captured; the fitted distributions describe
spatial rather than temporal variability.

Total concentrations. No sequential extraction was performed, so the bioavailable
fraction is unknown. Total concentrations were used throughout, which is conservative for
risk estimation but limits inference about mobility. Fractionation is identified as a priority
for the next campaign.

Temporal representativeness. The analysis rests on a single sampling campaign
(24 April 2026) at an active reprocessing site. Concentrations may since have changed
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through continued reprocessing, earthworks or redistribution by wind and runoff, and
seasonal variation was not captured; the results describe the site as sampled rather than its
current state.

Mercury. Mercury was modelled from total concentrations in soil through the par-
ticulate pathways of the RAGS model. Volatilization of elemental mercury and mercury
speciation were not considered, although inhalation can be an important route of mercury
exposure near metallurgical residues [45] and mercury in settled dust can vary seasonally
in semi-arid settings [46]. Because Hg contributes a small share of the modelled hazard
index, this omission does not affect the conclusions for the occupational receptor, but it
would matter for residential receptors and children.

Analytical quality control. Element-specific analytical quality-control data (certified
reference material recoveries, blanks, replicate precision) were not reported in the labo-
ratory test protocols and could not be included. A systematic analytical bias of ±20%
altered the probability of exceeding 10−4 by about 5 percentage points or less under either
parameterization (Table S3), indicating that the conclusions are not sensitive to analytical
error of this magnitude.

Sampling depth. Soil was sampled as 0–50 cm depth-integrated composites, and
surface-layer (0–5 or 0–10 cm) concentrations, which are most relevant to incidental in-
gestion and dermal contact, were not measured separately. A twofold difference between
surface and depth-integrated concentrations would not change the conclusions under the
2025 toxicity values (Table S3).

Toxicity values. The arsenic slope factors and reference doses under both parame-
terizations were taken directly from the primary IRIS records. Route-specific inhalation
and dermal reference doses required for the hazard index are not issued under the IRIS
programme and were obtained by route extrapolation from published compilations, in
which such values vary between sources. Carcinogenic risk is unaffected, since it draws
only on IRIS slope factors; hazard index values carry this additional uncertainty.

Zone areas and receptor time allocation. Zone boundaries follow the buffer rings
of [8], described there as estimated. Combined risk assumes equal receptor time allocation
between Zone 1 and Zone 2, an assumption rather than a survey result; repeating the
analysis for allocations from 100:0 to 0:100 shows that this assumption governs the estimated
benefit of containment but not the screening conclusion (Section 3.7). Results are therefore
reported as relative risk ratios rather than absolute exposures, and zonal results are given
separately so that alternative weightings can be applied.

Sample size. The fitted distributions rest on 24 samples, and bootstrap intervals for
the site-wide exceedance probabilities span roughly 20 percentage points under Set A
(Section 3.3); the probabilities should therefore be read to the nearest ten percentage points
rather than to one decimal place. Eight samples support the zonal comparison, the direction
of the difference is not robust to the exclusion of either western-transect sample, and the
stratified bootstrap interval for the Zone 2:Zone 1 ratio spans values on both sides of unity
(Section 3.6). The zonal comparison is therefore unresolved by the present design.

Arsenic bioavailability. Carcinogenic risk was computed from total soil arsenic, which
is equivalent to assuming a relative bioavailability of unity. The US EPA recommends a
default relative bioavailability of 60% for arsenic in soil [28], and in vivo measurements on
soils from mining and smelting sites report values well below unity [47]. The estimates
reported here are therefore upper bounds with respect to this parameter; applying RBA
to the ingestion pathway reduces mean CR by 29% at the default of 0.6 and by 57% at 0.2
(Section 3.3). Under Set B the probability of exceeding 10−4 remains above 97% across this
range. Under Set A it falls to 62.5% at the default and to 49.5% at 0.2, so that with the
superseded toxicity values and low bioavailability, exceedance would be about as likely as
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not. A site-specific bioaccessibility measurement would therefore matter for conclusions
drawn under the superseded values, but not under those currently in force.

Particulate emission factor. The RAGS default particulate emission factor was retained
rather than derived site-specifically. This parameter governs the magnitude of the inhalation
pathway, and the negligible reduction attributed to phytostabilization in the scenario
analysis follows from it. The respirable fraction of the slag, which is the property this factor
represents, was not characterized. Aerodynamic or laser-diffraction sizing of the respirable
fraction, and a particulate emission factor derived from it, would be required before the
S1–S2 comparison could be treated as quantitative rather than indicative; emission from
tailings and slag surfaces is governed by the respirable fraction and surface condition rather
than by bulk composition, and site-specific factors derived from dispersion measurement
differ substantially from generic defaults [48,49].

Intervention efficiencies. Scenario parameters are literature-derived. The scenarios
constitute a parametric analysis of the sensitivity of risk to the documented range of
intervention performance, not a site-specific engineering forecast. For phytostabilization,
the dust-reduction efficiency was varied from 0 to 100% without effect on the conclusions
(Section 3.7).

Single receptor. Only an adult occupational receptor was modelled. Extension to a
residential receptor would require soil data from residential and sensitive land uses. The
nearest housing lies about 250 m west of the heap and about 10,500 people live within
1 km of its centre (Section 2.1), but soil was not sampled at residential locations, so no such
analysis is attempted here. As set out in Section 4.5, this scope determines the relative
ranking of interventions, and the omission of a residential receptor is the principal limitation
on the management conclusions.

5. Conclusions
Probabilistic reanalysis of a published dataset from an active Pb–Zn slag reprocessing

site shows that the January 2025 IRIS revision of inorganic arsenic changes the quantitative
risk estimate far more than any modelling choice: for the same measured concentrations,
the mean carcinogenic risk estimated for the adult outdoor worker was 21-fold higher, and
the estimated probability of exceeding the upper end of the US EPA risk-management range
(10−4) increased from about 70% (95% bootstrap interval 59–80%) to over 98%. The qualitative
screening conclusion of [8] therefore holds under both sets of toxicity values, whereas estimates
made before and after the revision are not comparable; this conclusion is robust to sampling
uncertainty and to the alternative concentration models tested, but remains conditional on
the occupancy, bioavailability and particulate-emission assumptions of the exposure model.
Relative to the published deterministic assessment, the probabilistic analysis changes the central
estimate for this dataset by only about 15%, but adds what a point estimate cannot convey:
the probability of exceedance and the position of the published values within the distribution.
The principal source of uncertainty is the arsenic concentration distribution, which dominates
output variance and rests on 24 samples. This small spatial dataset leaves the ordering of risk
between the zones unresolved, and the restriction to a single occupational receptor means that
the results do not extend to residents or children.

Supplementary Materials: The following supporting information can be downloaded at: https:
//www.mdpi.com/article/10.3390/toxics14100894/s1, Figure S1: normal quantile–quantile plots of
the log-transformed concentrations of all eight metals, with Shapiro–Wilk p values; Figure S2: mea-
sured concentrations along the four transects as multiples of the Kazakhstan maximum permissible
concentration; Table S2: bootstrap uncertainty due to the limited number of samples, site-wide
and by zone; Table S3: sensitivity to analytical error and sampling depth; Table S4: goodness
of fit of alternative distributions, risk under alternative concentration models and dependence
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structures, and kernel width; Table S5: rank-correlation sensitivity of CR and HI to all stochas-
tic inputs; Table S6: sensitivity of scenario S2 to the dust-reduction efficiency of phytostabiliza-
tion; Table S7: sensitivity to the allocation of time between zones; Table S8: sensitivity to the
relative bioavailability of arsenic. Script S1: ‘S1_reproduce_all.py’, which reproduces every re-
sult of the primary analysis from the published source dataset (fixed random seed 20260827);
File S2: ‘S2_expected_output.txt’, the console output of Script S1; File S3: ‘requirements.txt’, the library
versions used; Script S4: ‘S4_revision_block1.py’, ‘S4_revision_block2.py’ and ‘S4_revision_block3.py’,
which reproduce the analyses in Tables S2–S8 and Figure S2, and ‘S4_revision_figures.py’, which
reproduces Figures 3–6; File S5: ‘S5_revision_output.txt’, the console output of Script S4. The
scripts require Supplementary Table S1 of [8], publicly available under a CC BY licence at https:
//doi.org/10.3390/su18136742; that dataset is not duplicated here.
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The following abbreviations are used in this manuscript:

ABS Dermal absorption factor
AF Adherence factor
AT Averaging time
BW Body weight
CDI Chronic daily intake
CR Carcinogenic risk
ED Exposure duration
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EF Exposure frequency
GM Geometric mean
GSD Geometric standard deviation
HI Hazard index
ICP-OES Inductively coupled plasma optical emission spectrometry
IngR Soil ingestion rate
InhR Inhalation rate
IRIS Integrated Risk Information System
IUR Inhalation unit risk
MPC Maximum permissible concentration
PEF Particulate emission factor
RAGS Risk Assessment Guidance for Superfund
RfD Reference dose
SA Exposed skin area
SF Slope factor
US EPA United States Environmental Protection Agency
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