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Abstract

Heavy metal contamination in urban topsoil is one of the most serious environmental
threats to children’s health, particularly through ingestion, dermal contact, and inhala-
tion exposure routes. The objectives of this study were: (1) to assess the probabilistic
exceedance-based priority of eight heavy metals (As, Cd, Co, Cr, Cu, Ni, Pb, and Zn) with
respect to regulatory threshold exceedance in Debrecen, Hungary; (2) to map the spa-
tial distribution of exceedance probabilities using sequential indicator simulation (SISIM)
with 100 equiprobable realizations per element (1000 for Cr) on a 50 m grid; and (3) to
develop a toxicologically weighted composite exceedance index based on the Hungarian
regulatory action thresholds and classify the results into priority categories. For Cd, the
exceedance probability exceeded p > 0.50 in approximately 98% of the study area, and
for Cr, in approximately 82% of the study area (regenerated at N = 1000; the Cr thresh-
old lies near the sample median, so the p > 0.50 area is ensemble-size sensitive and was
under-converged at N = 100). Approximately 86% of the study area fell into the Very
Low Priority class, approximately 14% into the Low Priority class, and less than 0.1%
of the area exceeded the Moderate Priority threshold. Monte Carlo perturbation of the
child exposure relevance factors confirmed strong spatial rank stability of H(x) (median
Spearman ρ = 0.989), indicating that the priority pattern is robust even though areas close
to the Very Low Priority/Low Priority boundary may change class. This paper contributes
single-threshold exceedance-probability maps at regulatory limits and a toxicity-weighted
exceedance-priority index H(x)—a methodological and interpretive advance over our
previous concentration mapping, using the same measurements with no new sampling. By
constructing the composite index is toxicity-weighted: arsenic and cadmium carry ≈88% of
the child weight, so H(x) chiefly resolves As- and Cd-driven priority, with the remaining
metals refining local class boundaries. Receptor prioritization is a screening output to guide
confirmatory sampling, not a definitive risk classification.

Keywords: urban soil contamination; heavy metals; exceedance-priority assessment;
sequential indicator simulation; exceedance probability; composite exceedance index;
threshold sensitivity; geostatistical simulation; spatial uncertainty

1. Introduction
Heavy metal contamination of urban top soils is a persistent environmental problem

worldwide, particularly in rapidly expanding cities such as Debrecen, owing to the persis-
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tence, bioaccumulative potential, and toxicity of these elements even at trace concentrations.
The accumulation of Pb, Cd, As, Co, Cr, Cu, Ni, and Zn in urban soils is a public health
concern because these elements exert adverse effects on child development, chronic organ
function, and community health through multiple exposure pathways [1–4]. The spatial
distribution of these metals exhibits marked heterogeneity, attributable to proximity to
emission sources, soil characteristics, and land use; thus, maps based on point estimates
alone cannot capture the full range of spatial variability.

Previous characterization [5] found that heavy metal concentrations in the urban soil of
the Debrecen area were governed primarily by transport, industrial activity, and geological
background, based on multivariate statistical and geostatistical estimation methods. A
simulation-based analysis of threshold exceedance in contaminated soils is needed to
determine whether the systematic underestimation of the contamination extent results from
the smoothing effect of ordinary kriging, which provides a single best estimate and does
not reproduce local variability [6], or from an insufficient sampling density. Goovaerts [7]
demonstrated that kriging can reduce sample variance by a factor of six in contaminated
soils and that the smoothing effect systematically underestimates the spatial extent of
contamination and the associated misclassification costs, whereas sequential indicator
simulation (SISIM) has been shown to more reliably delineate contaminated areas than
kriging-based classification [8].

In practice, however, health risk assessments for urban soils often do not explicitly
account for the underestimation of extreme concentrations inherent in kriging and use
deterministic hazard quotient (HQ) and carcinogenic risk (CR) calculations for kriged
concentration surfaces [9,10]. Machine learning methods are increasingly used in digital
soil mapping [11–14], but their reliance on variance minimization and the multi-Gaussian
condition of hybrid ML-geostatistical approaches, such as regression kriging or XGBoost-
SGS, can limit their suitability for regulatory exceedance problems, where the distribution
tails carry the decision risk [15,16]. Few studies have examined the threshold sensitivity in
heavy metal exceedance classification of urban soils, as running conditional simulations
at multiple threshold levels is computationally demanding. Two questions remain open:
how sensitive are exceedance probability maps to the choice of threshold, and how can
metal-specific exceedance probabilities be combined into a single spatially resolved toxicity-
weighted priority indicator?

The sequential indicator simulation (SISIM) directly targets threshold exceedances
without requiring distributional assumptions on the concentration field [6,17]. The method
is particularly suited to exceedance mapping for regulatory purposes, where the decision
variable is binary [18,19], because the object of inference is the exceedance probability itself.
In contrast, sequential Gaussian simulation (SGS) assumes multivariate normality, which
suppresses the spatial autocorrelation of extreme values [20]. Heavy metal concentration
data with high skewness and high coefficients of variation violate the multi-Gaussian
assumption, making the stationarity condition of SGS difficult to justify [6]. Even if normal
score transformation may partially mitigate the problem, the reproduction of both the
statistical distribution and the spatial continuity usually invalidates the standard SGS
workflow [15–18].

We use the term composite exceedance priority class for ordinal classes derived from H(x).
This terminology addresses a methodological gap between conventional concentration-
based pollution indices and deterministic health-risk metrics such as HQ or HI: H(x)
ranks locations by the combined probability of exceeding regulatory thresholds, and the
resulting priority classes indicate where confirmatory sampling or management attention
should be directed. H(x) is an exposure-potential screening index, not a formal health
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risk assessment in the sense of HQ/HI calculations; it does not estimate dose, exposure
duration, or population-level risk and should not be interpreted as such.

We therefore chose the previously published concentration mapping [5] as a starting
point and converted the exceedance probabilities into a spatially resolved exceedance-
priority indicator using stochastic simulation and toxicity-weighted composite indexing.
All eight metals were related to the Hungarian regulatory action levels (Government Decree
6/2009), and the metal-specific exceedance probabilities were weighted by EFSA/EPA
toxicity profiles and exposure relevance factors, with separate parameterization for children
and adults. The specific objectives were as follows: (i) to generate exceedance probability
maps for eight heavy metals using SISIM with 100 equiprobable realizations at Hungarian
regulatory thresholds; (ii) to test whether a toxicity-weighted composite exceedance index,
classified into five priority classes, provides finer spatial discrimination than single-metal
exceedance maps; (iii) to evaluate the sensitivity of the exceedance area and composite
index to threshold selection at 20 levels (5–100% of the regulatory value); (iv) to characterize
spatial priority patterns through zone-specific analysis, spatial autocorrelation testing, road
distance analysis, and sensitive receptor priority screening [21,22]; and (v) to quantify
the realization-based uncertainty of the composite index across SISIM realizations [18,20]
(Figure 1).

 

Figure 1. Probabilistic exceedance-prioritization framework: workflow integrating SISIM and toxicity-
weighted composite exceedance index.

This study is distinct from the concentration mapping and source attribution of [5]: it
contributes single-threshold exceedance-probability maps at regulatory limits, the toxicity-
weighted exceedance-priority index H(x), a threshold-sensitivity analysis, and an ensemble-
convergence analysis. All analytical data are reused from [5]; no new sampling or laboratory
measurement was undertaken for the present work.

2. Materials and Methods
2.1. Study Area

Debrecen is a rapidly expanding urban center located in the flat, alluvial area of
the North-Eastern Great Plain (47.53◦ N, 21.63◦ E), with substantial ongoing industrial
development. The city is the second largest in Hungary, with a population of approximately
200,000. The varied land use, including residential areas, transport corridors, Soviet-
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era industrial zones, military bases, and emerging technology parks, results in multiple
pollutant sources and exposure scenarios across the study area.

The location and extent of the study area are shown in Figure 2. It is located on a flat al-
luvial plain at an elevation of 110–140 m a.s.l. with Quaternary fluvial and eolian sediments.
The predominant soil types include chernozoic sands in the city center and surrounding
agricultural areas and sandy soils (arenosols) in the eastern and southern peripheral areas.
The climate is continental, with an average annual temperature of approximately 10.5 ◦C
and an average annual rainfall of 550 mm.

Figure 2. Study area, Debrecen, Hungary, with sampling locations (n = 295) and urban land-use
zones indicated.

2.2. Data Set and Threshold Selection

A subset of 295 locations from the previously published sampling campaign [5] was
analyzed for this study. Laboratory analyses were performed using a Skyray Instrument
Explorer 9000 X-ray fluorescence (XRF) spectrometer (Jiangsu Skyray Instrument Co., Ltd.,
Kunshan, China) equipped with a rhodium anode X-ray tube and a silicon drift detector,
the latter of which is capable of deconvoluting overlapping spectral peaks of coexisting
transition metals. The samples were air-dried at 20–22 ◦C to constant mass, disaggregated,
and sieved through a 2 mm stainless steel sieve according to ISO 11464:2006. Approximately
50 g of the <2 mm fraction per sample was measured in the factory-calibrated Soil Mode
of the instrument. Each sample was measured in five independent replicates to quantify
measurement precision and reduce random error, and the median of the five replicates was
used for further analyses to minimize the influence of outliers. Eight heavy metals were
determined: arsenic (As), cadmium (Cd), cobalt (Co), chromium (Cr), copper (Cu), nickel
(Ni), lead (Pb), and zinc (Zn). Detailed sample preparation and measurement protocols are
described elsewhere [5]. The 493 locations of the survey [5] form a purposively designed,
multi-phase campaign. The 295 analyzed here are all available EDXRF measurements (first
phase); no selection was made among measured samples on the basis of their values. The
remaining 198 were sampled but not yet analyzed and are reserved for a second phase—a
south-eastern expansion prompted by a recent pollution event in southern Debrecen, and a
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central forested/recreational belt where measurement density was deliberately reduced
given its low human-exposure relevance and already-dense coverage. Their distribution is
shown in Figure S1; they provide an independent validation set for a planned campaign.

The eight metals were selected based on their toxicological significance, urban occur-
rence, and role in national soil quality regulations. The legal action thresholds defined in
the Hungarian soil quality standards (Joint Decree 6/2009 KvVM-EüM-FVM) were used as
thresholds for exceedance modelling (Table 1). Descriptive statistics for the selected metals
are summarized in Table 2.

Table 1. Heavy metals studied: health significance, typical urban sources, and regulatory thresholds.

Metal Health Significance Typical Urban Sources Threshold
(mg/kg)

As Carcinogen (Group 1 IARC); skin, lung, bladder
cancer [21] Geogenic, pesticides, coal combustion [7] 15

Cd Nephrotoxic; bone demineralization [22] Phosphate fertilizers, atmospheric deposition,
industry [1] 1

Co Cardiotoxic; thyroid disruption [23] Geogenic, industrial alloys 30

Cr Cr(VI) carcinogen; Cr(III) essential trace element [24] Industrial emissions, leather tanning [25] 75

Cu Hepatotoxic at high doses; essential trace element [26] Traffic (brake pads), agriculture, plumbing [1] 75

Ni Allergenic; respiratory sensitizer [27] Geogenic, stainless steel, fossil fuels [2] 40

Pb Neurotoxic; developmental toxicity in children [28] Legacy fuel emissions, paint, industry [29] 100

Zn GI distress; immune suppression at high doses [30] Traffic (tire wear), galvanized materials [1] 200

Table 2. Descriptive statistics of heavy metal concentrations (mg/kg) in the Debrecen sampling
locations (n = 295) and the SISIM thresholds. Source: [5].

Metal n Valid * Mean Median Min Max Std Threshold (mg/kg)

As 295 8.94 8.52 1.24 41.08 3.68 15
Cd 278 1.43 1.33 0.10 6.12 0.72 1
Co 291 8.67 8.32 1.50 30.28 3.31 30
Cr 287 65.47 62.89 10.23 198.65 24.85 75
Cu 295 30.57 25.42 3.81 257.38 25.62 75
Ni 255 23.14 21.77 3.25 76.48 10.57 40
Pb 171 25.89 19.14 0.00 368.80 36.28 100
Zn 295 86.82 78.54 14.23 584.39 52.67 200

* N is valid for the number of measurements per metal above the detection limit of the instrument. Lead had the
lowest detection rate (58%), the Pb detection limit was 5 mg/kg, far below the 100 mg/kg action threshold, so all
non-detects are unambiguous indicator zeros at the regulatory cutoff and were retained as such (full Skyray XRF
detection limits for all eight metals: Supplementary Table S10), consistent with the generally low Pb concentrations
in the study area. The Cd median (1.33 mg/kg) exceeds the expected Hungarian geochemical background
(<0.5 mg/kg; [23]; TIM topsoil 0.3–0.6 mg/kg, [24]) and the regulatory threshold (1 mg/kg), indicating genuine
moderate Cd enrichment; near-threshold Cd values approach the XRF Cd detection limit (2 mg/kg, Table S10), so
the exceedance magnitude carries analytical uncertainty.

The simulation grid was masked to the delineated study area boundary, resulting in an
effective study area of approximately 203.2 km2. At 50 m spacing, each raster cell represents
2500 m2 (0.25 ha); grid-derived summaries are therefore reported as percentages or physical
area rather than raw cell counts. The 50 m grid is a computational discretization within
the range permitted by the fitted variograms, not a claim of 50 m information; effective
precision is bounded by the estimation variance, which increases with distance from data
(mean spacing ≈ 830 m (nominal

√
(A/n))). The reported quantity is the exceedance

probability averaged over realizations (E-type indicator), a smooth surface. Because block
indicator kriging does not yield the block ccdf, block-scale uncertainty is properly obtained
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by simulation [6] Equation IV.55; a grid-sensitivity check (50/100/200 m; Figure S10)
confirms that exceedance areas are insensitive to discretization.

2.3. Indicator Transformation, Declustering and Variogram Modelling

Each metal concentration, Z(x), was transformed into a binary indicator at the Hun-
garian legal threshold, zk:

I(x; zk) =

{
1 if Z(x) ≥ zk

0 otherwise
(1)

The resulting binary indicators served as inputs for variography and simulation.
Each metal was represented by a single indicator at its regulatory cutoff zc; exceedance
probabilities were obtained by simple indicator kriging of that one indicator and sequential
indicator simulation (GSLIB sisim, single-threshold indicator mode, one cutoff per metal).
Because a single cutoff is used, one indicator variogram is fitted per metal (Table 3) and no
coregionalization across thresholds is required; this single-threshold design is standard for
regulatory exceedance mapping [25].

Table 3. Fitted indicator semivariogram parameters for the single regulatory cutoff zc of each metal
(nugget, sill, range, anisotropy of I(u; zc)). The exceedance proportion pc and the standardized sill
pc(1 − pc) are listed so the indicator nature is explicit.

Metal Model Nugget (C0) Sill (C0 + C1) Range Major (m) Range Minor (m) Azimuth (◦)

As Exponential 0.1128 0.1422 1591 821 121.6
Cd Exponential 0.0853 0.1261 6000 3141 77.9
Co Spherical 0.1881 0.2492 5472 1826 13.0
Cr Exponential 0.1981 0.2568 6000 2002 23.0
Cu Spherical 0.0583 0.2010 6000 3246 176.0
Ni Spherical 0.1980 0.2552 5628 1880 84.0
Pb Exponential 0.0627 0.0829 6000 2004 14.8
Zn Spherical 0.1018 0.1339 1279 428 128.8

Below-detection measurements are treated as hard-inequality data [6]: for any cutoff
zc set above the detection limit, the indicator I(u; zc) = 0 is fully defined, not missing.
For Pb (detection limit 5 mg/kg, cutoff 100 mg/kg), all 124 non-detects were therefore
entered as defined zeros alongside the 171 detects, and the Pb indicator was re-run on all
295 locations; the exceedance surface is negligibly changed.

The sampling design is spatially clustered; some urban districts are over-represented
compared to the rural periphery, where sampling locations are considerably sparser. Cell
declustering was applied to correct this bias by assigning a weight to each observation
inversely proportional to the local sampling density, thus compensating for the bias in
the empirical distribution due to preferential sampling. The cell size ranged from 100 m
to 5000 m, with 20 cell size steps and five origin offsets. The declustered cumulative
distribution function (CDF) was calculated at each threshold as follows:

F∗(zk) =
∑ wα·I(xα < zk)

∑ wα
(2)

where wα are the declustering weights.
The spatial continuity of the binary indicators was characterized by the indicator

semivariogram [25].

γI(h) =
1

2N(h)∑
N(h)
α=1 [I(xα; zk)− I(xα + h; zk)]

2 (3)
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where N(h) is the number of data pairs separated by the lag vector h. Experimental
indicator variograms for each metal were computed and fitted with spherical or exponential
models with geometric anisotropy (Table 3).

Experimental indicator variograms were computed omnidirectionally with a lag spac-
ing of 500 m and 12 lags to ~1.5× the fitted range, checked for anisotropy along the principal
directions, and fitted by weighted least squares with visual verification. The declustering
cell size (100–5000 m; 20 sizes, 5 offsets) and its effect on the declustered marginal pro-
portions are reported in Supplementary Table S9. Experimental and fitted variograms are
shown in Figure S7.

2.4. Sequential Indicator Simulation and Exceedance Probability

The sequential indicator simulation (SISIM) was used to generate 100 equiproba-
ble realizations of the spatial distribution of threshold exceedance (4–12 neighborhood,
search ellipsoid matched to variogram model) [6,17]. The ensemble size was selected on
the basis of a convergence analysis in which SISIM was run at seven ensemble sizes
(N = 10, 25, 50, 100, 200, 500, 1000) for all eight metals (Table S4, Figure S3a,b,
Supplementary Materials). At N = 100, binary exceedance classification agreed with
the N = 1000 baseline to within 1% for seven of the eight metals: As, Co, Cu, Ni, Pb,
and Zn converged at N = 10 − 25, and Cd at N = 100. Only Cr, whose indicator
proportion lies near 0.50 (52.3%), showed slower convergence and was regenerated at
N = 1000, where its p > 0.50 exceedance area is ≈82% (from ≈61% at N = 100); be-
cause Cr contributes only 0.007% of the H(x) weight, the composite ranking is unaffected.
Supplementary Text S4 explains the pixel-level versus areal convergence and the ergodic
(Monte-Carlo) origin of the near-boundary residual.

SISIM was chosen over sequential Gaussian simulation (SGS) because it does not
require the multi-Gaussian condition, weakens the stationarity assumption to the binary
indicator field, and avoids normal-score transformation problems where observations lie
near detection limits [6,18–20]. The theoretical rationale and comparison with kriging, SGS,
and machine learning point prediction are summarized in Section 4.4 and given in full in
Supplementary Text S1.

The eight metals were simulated independently, without co-simulation. This
simplification is partly supported by the inter-metal correlation structure and fac-
tor analysis groupings [5] and is reproduced for traceability in Tables S1 and S2a,b
(Supplementary Materials). The source factor analysis was acceptable for interpretation
( KMO = 0.618; χ2 = 416.463, p < 0.001

)
. Although the continuous concentrations of

As and Cd are moderately correlated (Spearman r = 0.80), their indicator variables at
the respective regulatory thresholds are weakly correlated (indicator Spearman r = 0.24),
because the exceedance proportions are far apart (As: ~12% raw sample exceedance, Cd:
81%) and the threshold-specific spatial structures differ. The metals most strongly corre-
lated with As and Cd in continuous space (Zn: r = 0.94 and r = 0.77; Pb: r = 0.83
and r = 0.59) have near-zero exceedance probabilities at the regulatory thresholds, so
this cross-correlation does not propagate into the composite index. Co-simulation was
therefore not pursued; its effect on the composite ranking would be negligible given the
weak indicator-level dependence between the two metals that account for 88% of the H(x)
weight.

The indicator-level dependence between the two dominant metals is weak (Spear-
man r = 0.24) even though their concentrations are correlated (r = 0.80); a multivari-
ate/compositional treatment is therefore not adopted, as each element is assessed against
its own absolute regulatory limit rather than under closure, and full indicator cokriging is
impractical and offers little gain here [6].
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For all x0 locations not coinciding with sampling locations, the conditional probability
of exceedance is estimated by simple indicator kriging:

P∗(x0 ≥ zk | data)∗ = ∑ λα·I(xα; zk) +
(
1 − ∑ λα

)
·F∗(zk) (4)

where λα are the kriging weights derived from the fitted indicator variogram, and F∗(zk) is
the declustered global CDF. Simple kriging was used because the global mean proportion is
known from declustering and because SK produces more stable local probability estimates
than ordinary kriging in the SISIM framework [26].

SISIM can result in non-monotonic conditional CDF estimates when multiple thresh-
olds are applied simultaneously, which is a known order-relation violation [18]. In the
present application, all metals were simulated at a single legal threshold, which circumvents
the multi-threshold CDF problem.

For each grid node x, the exceedance probability was estimated as the proportion of
exceedances across realizations:

P(x ≥ zk) =
1
L∑L

l=1 Il(x; zk) (5)

where L = 100 is the number of realizations, and Il(x; zk) is the simulated indicator value
at location x in the l-th realization. These probabilities express local uncertainty and range
from 0 (no exceedance in any realization) to 1 (exceedance in all realizations), but do not
capture the spatial covariance of exceedance between neighboring nodes. We applied the
confidence classification of Van Meirvenne and Meklit [19]: exceedance probabilities below
0.25 indicate high certainty of non-exceedance, the range 0.25–0.75 indicates a transition
zone where the classification outcome is ambiguous, and probabilities above 0.75 indicate
high certainty of exceedance. The transition zone identifies sites where additional sampling
would most effectively reduce classification uncertainty.

The simulation assumes second-order stationarity of the indicator field within the
study area; this is a modelling assumption, not a verified property of the contamination
field [18]. All metals were simulated independently; the eight indicator fields did not share
a common co-simulation model, and potential spatial cross-correlations between metals
were not reproduced. Consequently, the composite index sums the marginal exceedance
probabilities, not the joint probabilities.

2.5. Composite Exceedance Index

To integrate multi-metal exceedance into a single spatial index, we defined a composite
index, H(x), which aggregates toxicity-weighted exceedance probabilities across metals.
H(x) is a toxicity-weighted exceedance index that ranks sites according to the combined
probability of exceeding regulatory limits. It is not a health risk index in the epidemiological
sense of the hazard quotient (HQ) or hazard index (HI). Arsenic and cadmium account
for ≈88% of the child-scenario weight; H(x) is therefore, by design, dominated by the
two most toxic and bioavailable elements. The rank correlation between H(x) and a pure
As + Cd index is ρ = 0.998; only 1.9% of the study area changes priority class once the other
six metals are included, and those cells are mapped in Figure S9. The per-metal reference
values, their type and source, and the assigned exposure-relevance factors are tabulated for
transparency in Supplementary Table S8.

H(x) = ∑8
i=1 wi·Pi(x) (6)

where Pi(x) is the exceedance probability of the i-th metal, wi is the normalized weight,
and the summation extends over all eight metals. The index was calculated separately
for children and adults to reflect their differential exposure. The hazard quotient (HQ)
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and hazard index (HI) [27] have been widely used for deterministic risk estimation from
point concentration estimates, and the potential ecological risk index (PER [28]) uses con-
centration ratios [29]. We note that H(x) is distinct from both indices because it applies
weights to exceedance probabilities rather than to concentration ratios, thereby incor-
porating simulation-based uncertainty directly into the priority ranking [7]. These two
approaches are complementary, not competing.

Toxicity scores Si were derived as reciprocals of chronic oral reference values:

Si =
1

R f Vi
(7)

where R f Vi is the reference value in mg/kg/day. Reference values were obtained pri-
marily from the European Food Safety Authority (EFSA), supplemented by reference
doses (RfD) from the US Environmental Protection Agency (US EPA) where EU val-
ues were not available. The toxicity scores cover four orders of magnitude: arsenic
(BMDL01 = 0.0003 mg/kg/day, S = 3333; [30]) and cadmium (TWI = 0.001 mg/kg/day,
S = 1000; [31]) dominate, followed by cobalt (0.003 mg/kg/day, S = 333; [32]) and lead
(TWI = 0.0035 mg/kg/day, S = 286; [33]). Nickel (AR f D = 0.02, S = 50; [34]),
copper (UL = 0.04, S = 25; [35]), and zinc (UL = 0.3, S = 3.3; [36]) were minimal
contributors. Cr received the lowest score of 0.67 (R f D = 1.5; [37]). This low score reflects
the fact that only the less toxic Cr(III) form was considered in the derivation of the reference
dose. In urban soils, a fraction of total chromium exists as the more toxic Cr(VI) form,
but this dataset contains total Cr only and no Cr speciation; Cr(VI) was therefore handled
through scenario analysis. Because Cr(VI) has an oral RfD of 0.003 mg/kg/day (S = 333),
even a small Cr(VI) fraction increases the effective toxicity score. A sensitivity analysis
evaluating the impact of 5% and 10% Cr(VI) fractions on the composite index is presented
in Supplementary Text S3 (Table S5, Figure S4, Supplementary Materials).

The toxicological reference values, exposure relevance factors, and resulting normal-
ized weights for both children and adults are given in Table 4; the child/adult exposure
distinction follows standard exposure-factor guidance [38].

Table 4. Toxicological reference values, exposure relevance factors, and composite exceedance index
weights for children and adults.

Metal RfV (mg/kg/day) Source Si Ei Child Ei Adult wi Child wi Adult

As 0.0003 EFSA BMDL01 [21] 3333.33 1.00 0.75 0.6765 0.6946
Cd 0.001 EFSA TWI [22] 1000.00 1.00 0.75 0.2030 0.2084
Co 0.003 [23] 333.33 0.75 0.50 0.0507 0.0463
Cr 1.5 US EPA RfD [24] 0.67 0.50 0.50 0.0001 0.0001
Cu 0.04 EFSA UL [26] 25.00 0.75 0.50 0.0038 0.0035
Ni 0.02 EFSA ARfD [27] 50.00 0.75 0.50 0.0076 0.0069
Pb 0.0035 EFSA TWI [28] 285.71 1.00 0.50 0.0580 0.0397
Zn 0.3 EFSA UL [30] 3.33 0.50 0.50 0.0003 0.0005

Ei values were assigned following the ECHA tiered exposure pathway framework [39]:
1.00 for metals with a dominant oral–soil pathway in children (As, Cd, Pb), 0.75 for metals
with secondary dermal or inhalation routes (Co, Cu, Ni), and 0.50 for metals where dietary
intake exceeds soil-mediated exposure (Cr, Zn).

wi =
Si × Ei

∑8
j=1 Sj × Ej

(8)

Complementary unweighted multi-metal indices (cumulative contamination in-
dex, CCI; multi-metal contamination severity index, MSI) were also computed from
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the SISIM exceedance probabilities to capture co-occurrence patterns that are masked
by toxicological weighting; their definitions and spatial distributions are provided in
Supplementary Text S2.

3. Results
3.1. Exceedance Probability Maps

The exceedance probability maps for the eight heavy metals were generated from
100 SISIM realizations on the 50 m simulation grid (Figure 3). Each map shows the
probability that the Hungarian legal action level is exceeded at a given location (Table 5).
All exceedance probabilities are at point support; the 50 m cell size is a computational
discretization of the continuous indicator field, not a block-averaged estimate. Block-
support exceedance probabilities would be lower owing to the regularization effect [17,20].

 

Figure 3. Exceedance probability maps for eight heavy metals at the Hungarian legal action levels.
Color scale: 0 (blue, no exceedance)—1 (red, exceedance in all realizations).
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Table 5. Exceedance probability statistics based on SISIM (100 realizations, 50 m grid. All thresholds
are the Hungarian legal action thresholds (Regulation 6/2009). Values refer to point support on the
50 m simulation grid; percentage areas are calculated relative to the model area. The Cr p > 0.50 area
(≈82%) is reported at N = 1000 owing to its near-median threshold; all other metals at N = 100
(see Table S4).

Metal Threshold (mg/kg) Mean p Area p > 0.50 (%) Area p > 0.50 (km2)

As 15 0.047 <0.1 0.1
Cd 1 0.692 98.4 200.0
Co 30 0.000 0.0 0.0
Cr 75 0.524 82.0 166.6
Cu 75 0.131 8.4 17.1
Ni 40 0.024 0.0 0.0
Pb 100 0.043 0.0 0.0
Zn 200 0.050 <0.1 0.1

3.2. Threshold Sensitivity Analysis

To examine the threshold dependence of the exceedance area, a systematic threshold
sensitivity analysis was performed at 20 levels (5–100% of the Hungarian action threshold
with a step size of 5 percentage points) (Figure 4). The results allow the identification of
three distinct metal response types.

Figure 4. Area of exceedance (% of study area at p > 0.50) as a function of threshold level (5–100% of
Hungarian regulation) for eight heavy metals (threshold sensitivity analysis).

The exceedance area for Cd remained above 98% over the entire threshold range at
p > 0.50. The near-universal exceedance of Cd reflects a regulatory limit (1 mg/kg) set
below the median concentration (1.33 mg/kg). The mean exceedance probability for the
study area was 0.692, indicating that individual grid cells are not uniformly contaminated,
but the proportion of the study area where exceedances were observed in the majority of
realizations is nearly universal.

Arsenic, chromium, copper, and zinc are threshold-sensitive metals. The exceedance area
decreased markedly with increasing threshold level, following characteristic S-curves with
inflection points at metal-specific positions. Arsenic decreases from nearly 100% to nearly
0% between 55% and 70% of the regulatory level (about 8.2–10.5 mg/kg), while chromium
decreases more gradually from 100% (at the 50% level) to about 82% (at the 100% level), the
latter regenerated at N = 1000 (Table S4). The exceedance classification of these metals
exhibits pronounced threshold dependence, reflecting the choice between regulatory action
limits and lower screening values.
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Cobalt showed no exceedance at the regulatory limit. Nickel had rare sample-level ex-
ceedance (6/253 samples; 2.4%) but produced a spatially negligible mapped exceedance area at
p > 0.50, so neither Co nor Ni materially contributes to H(x) at the regulatory thresholds.

The composite H(x) decreased monotonically from about 0.94 at 25% of the regulatory
limit to about 0.205 at 100%, reflecting the overall threshold sensitivity of the contamination
field. The steepest decline occurred between 50% and 80%, where the threshold sensitive
metals transitioned from widespread to localized exceedance.

3.3. Composite Exceedance Index and Priority Classification

The composite exceedance index (Equation (6)) was calculated for both children and
adults at the regulatory thresholds. The average H(x) for children was 0.205 across the
modelled area. The higher composite values were mainly concentrated along major transport
corridors, older residential areas, and public playgrounds, consistent with previously identi-
fied pollution sources [5]. For adults, the average H(x) = 0.179, a difference of less than 2%.
These differences presumably reflect the fact that arsenic and cadmium, which dominate the
composite index, receive the same normalized weights for children and adults, while lead,
which shows the largest child–adult weight difference, has a near-zero exceedance probability
and therefore contributes negligibly to H(x) regardless of exposure weighting. Since the child
and adult indices are nearly identical, the results below are presented for children only.

We classified the values of the composite exceedance index H(x) into five priority
classes (Table 6, Figure 5).

Table 6. Composite H(x) priority classes for children in the study area of approximately 203.2 km2.

Category H(x) Range Area (km2) Area (%) Interpretation

Very Low Priority * 0.00–0.20 175.6 86.4 Background level
Low Priority 0.20–0.40 27.5 13.5 Periodic monitoring

Moderate Priority 0.40–0.60 0.1 0.05 Enhanced assessment
High Priority 0.60–0.80 0.0 0.00 Priority investigation

Very High Priority 0.80–1.00 0.1 0.04 Elevated concern

* Categories are relative screening classes. Cells near H(x) = 0.20 are sensitive to small perturbations in exposure
weights and realization uncertainty.

Figure 5. Composite H(x) priority class map for children: five-step system (Very Low/Low/Moderate
/High/Very High Priority) at Hungarian legal thresholds.
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Metal-specific contributions to H(x) by urban area type are shown in Figure 6.

Figure 6. Contribution of metals to composite H(x) by urban area type (with child weights).

3.4. Zone-Specific Patterns and Spatial Autocorrelation

The average H(x) varies across the nine urban area types (Table 7).

Table 7. Composite H(x) by urban area type (child weights, regulatory thresholds).

Zone Type Area (km2) Mean H(x) Priority Class

Villa Quarter 1.68 0.237 Low Priority

Traditional Inner Residential 1.90 0.232 Low Priority

Housing Estates 5.79 0.215 Low Priority

City Centre 1.19 0.214 Low Priority

Garden Suburbs 27.68 0.191 Very Low Priority

Forest 3.37 0.190 Very Low Priority

Industrial 13.91 0.184 Very Low Priority

Other Built-up 8.10 0.180 Very Low Priority

Other Zones 14.10 0.167 Very Low Priority

The global Moran’s I for the composite H(x) was 0.52 (p = 0.001, 999 permutations;
row-standardized distance-band weight of ~700 m, corresponding to the mean sample
spacing), confirming statistically significant positive spatial autocorrelation; high-priority
grid cells cluster together and so do low-priority cells (Figure 7). The LISA cluster map [40]
identifies a persistent High–High cluster in the east-central residential area, coinciding with
the four sensitive receptors flagged in Section 3.6.
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Figure 7. Spatial autocorrelation of the composite H(x): Moran’s I scatter plot (a) and LISA cluster
map (b).

3.5. Road Distance Analysis

The average H(x) decreased gradually from the primary and secondary roads towards
the background (approximately 1000 road segments; Figure 8, Table 8).

 

Figure 8. Road distance analysis: average H(x) as a function of distance from first and second order
roads. Bar colors correspond to the distance zones mapped spatially in (b). Black error bars show ±1
standard deviation of H(x) within each zone; n gives the number of grid cells per zone (Table 8). A
Mann-Whitney U test confirms a significant difference in H(x) between zones (p < 0.001). (b) Spatial
extent of the four distance zones within the study area, in the same color coding as (a).

Table 8. Composite H(x) as a function of distance from primary and secondary roads.

Distance Zone Mean H(x) Std H(x) n Cells

0–50 m 0.190 0.063 2907
50–100 m 0.188 0.055 2713

100–200 m 0.185 0.043 5289
>200 m (background) 0.174 0.028 70,383
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3.6. Sensitive Receptor Assessment

A total of 208 sensitive receptors (84 playgrounds, 65 schools, 28 kindergartens, and
31 childcare and health care facilities) were identified in the study area based on Open-
StreetMap (Figure 9). The composite exceedance index H(x) of each receptor was classified
into five priority categories.

Figure 9. Sensitive receptor evaluation: priority classification of 208 receptors based on composite
H(x).

The H(x) values of the receptors were at the Very Low Priority (H < 0.20) or Low
Priority (H = 0.20 − 0.40) level, with the exception of four receptors that exceeded
the Moderate Priority threshold (H > 0.40): one nursery school (Very High Priority,
H = 0.94), one playground (Very High Priority, H = 0.88), one childcare facility
(Moderate, H = 0.45), and one school (Waldorf School, Moderate Priority, H = 0.41). All
four high-priority receptors were concentrated in the east-central area of Debrecen.

The elevated H(x) estimated at the highest priority receptor (a nursery school,
H = 0.94) is associated with the combined elevated probabilities of arsenic and cad-
mium exceedances. Because children are more susceptible to the toxic effects of heavy
metals, the four facilities in the urban core warrant confirmatory soil sampling to determine
whether these values reflect true contamination or simulation uncertainty, while the vast
majority of sensitive receptors require routine monitoring at most.
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3.7. Uncertainty, Multivariate Indices and Validation

The unweighted CCI and MSI indices confirmed multi-metal co-occurrence in the
urban core and finer spatial differentiation than the toxicity-weighted H(x); cobalt and
nickel did not contribute at the regulatory thresholds. Definitions and statistics for CCI and
MSI are provided in Supplementary Text S2, and the corresponding maps are shown in
Figure S8. Realization-level uncertainty is shown in Figure 10.

Figure 10. Uncertainty per realization: the variance of H(x) at 100 SISIM realizations over the study
area (a) and as a statistical distribution (b).

Internal consistency was checked by comparing the per-realization mean of H(x) to
the probability-based estimate. The average absolute difference was 0.029 (100 realizations).
A comparison of 10-realization debug runs and 100-realization production runs reveals the
practical consequence of an insufficient number of realizations. The average exceedance
probabilities are stable across ensemble sizes (deviations < 0.01), but the binary classification
at p > 0.50 is sensitive: the exceedance area for cadmium increased from about 81%
(10 realizations) to about 98% (100 realizations), and that for chromium from about 44%
to about 61%. This sensitivity arises because grid nodes with a posterior probability
near 0.50 lie in the transition zone, where the binary classification oscillates as additional
realizations push the ensemble proportion over the decision threshold.

The Monte Carlo sensitivity analysis showed that the spatial ranking of H(x) was
robust to simultaneous perturbation of all child exposure relevance factors (Table S3 and
Figure S2, Supplementary Materials). Across 1000 iterations, the median Spearman rank
correlation between baseline and perturbed H(x) was 0.989 (IQR = 0.967 − 0.997), and
the mean absolute H(x) difference was 0.0336. Approximately 25.6% of grid cells changed
priority category, but this should be interpreted in relation to the low baseline mean H(x)
and the dominant Very Low Priority/Low Priority boundary at H(x) = 0.20: many cells
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lie close to this boundary, so small absolute shifts can change class without altering the
broader spatial priority pattern.

The SISIM outputs were validated against three criteria. The average simulated ex-
ceedance rates for all metals were within 2% of the declustered observed rates. The indicator
variograms of 50 randomly selected realizations reproduced the fitted variogram models
within acceptable tolerances; a visual comparison of the experimental omnidirectional
indicator variograms and the fitted models for all eight metals is provided in Figure S7
(Supplementary Materials). The spatial patterns of the realizations showed a distribution
consistent with known pollution sources and land use.

The stratified 10-fold cross-validation showed a mean accuracy of 0.87 and mean AUC
of 0.68 across the eight metals (Table S6, Figure S5, Supplementary Materials). Co had
perfect accuracy but undefined AUC because no sample exceeded the 30 mg/kg regulatory
threshold. Ni had high accuracy (0.976) but low AUC (0.514) and zero sensitivity because
only 6 of 253 samples exceeded the 40 mg/kg threshold. These results support interpreta-
tion of the SISIM outputs as probability surfaces rather than deterministic classifications,
especially for rare-exceedance metals.

4. Discussion
4.1. Contamination Profile and Priority Classification

The widespread exceedances of cadmium and chromium arise from different mech-
anisms for each metal. The high nugget/sill ratio of Cd (0.68; Table 3) indicates a high
degree of short-range spatial variability and that about 68% of the indicator semi-variance
at the smallest lag distance remains unresolved. This variability is physically present in
the soil below the median nearest-neighbor sampling distance of 180 m but cannot be
resolved by the sampling grid [18]. SISIM carries this unresolved variability forward into
the conditional probability at each grid node, presumably because kriging provides a
smoothed estimate that systematically underestimates the proportion of extreme values,
i.e., the smoothing effect. Goovaerts [7] showed that indicator simulation reduced the cost
of misclassification by 18% on average per site compared to ordinary kriging. Chromium
concentrations were close to the regulatory threshold (median 62.9, limit 75 mg/kg), so
that a large part of the study area falls within the transition zone, where the posterior
probability is most sensitive to the local conditioning configuration.

According to the Geochemical Atlas of Hungary [23], Cd geochemical background
is low—expected value < 0.5 mg/kg—both below the 1 mg/kg regulatory threshold, so
the widespread Cd exceedance is not an artefact of a sub-background limit. The Debrecen
median (1.33 mg/kg) exceeds the expected background and the threshold (though within
the broad regional characteristic range up to ≈1.5 mg/kg), indicating genuine moderate Cd
enrichment (mixed lithogenic and diffuse anthropogenic, per [5]). Because near-threshold
Cd values approach the XRF detection limit (2 mg/kg), the exceedance magnitude should
be read as an enrichment indicator rather than a precise measurement.

Because only total Cr was measured, H(x) is not intended for Cr-specific health-risk
inference; areas of elevated total Cr near sensitive receptors may warrant confirmatory
Cr(VI) analysis. The Cr(III)/Cr(VI) scenarios (Supplementary Table S5, Figure S4) are
bounding cases, not a speciation model.

The supplementary SISIM–OK comparison (Figure S6, Table S7) was recomputed with
a numerically stable ordinary-kriging solver. SISIM and OK classifications agree for most
metals (≥96% for six of eight); they diverge only where the median concentration lies near
the regulatory threshold—chromium (SISIM ≈78%, OK ≈80% in this N = 100 benchmark)
and copper, where OK smoothing over-calls exceedance (OK 48% vs. SISIM 4%). The
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smoothing effect is therefore distribution-dependent rather than uniform and is most
consequential for metals whose median sits close to the regulatory limit.

Compared to the previous characterization of Debrecen soils [5], where cobalt and
nickel were identified as contaminants, Co does not exceed the legal limit, while Ni ex-
ceedance is rare (6/253 samples; 2.4%) at the 40 mg/kg threshold. Co and Ni were
identified as contaminants in the previous characterization because the thresholds applied
were approximately the median concentrations in the data set, while the regulatory action
thresholds were not applied [5]. When the concentrations of Co and Ni are compared
with the regulatory thresholds, the determination of soil contamination can be misleading
without an appropriate threshold, and this is what the threshold sensitivity analysis makes
explicit.

A cut-off of H(x) = 0.20 separates the two dominant categories and is approximately
the level at which two metals simultaneously reach or exceed their legal limit. Because
the class boundaries are a classification convention and not dose-response thresholds,
this division should be interpreted as a relative ranking in the contamination assessment,
consistent with the Monte Carlo sensitivity result in Table S3.

4.2. Threshold Sensitivity

The three response types identified in Section 3.2 imply that the exceedance area and
the composite H(x) are not stable properties of the contamination field, but are a function of
the chosen threshold. Although studies that report exceedance results at a single threshold
implicitly assume stability, the threshold area curves show that for several metals (As, Cr,
Ni), a 10-percentage point threshold shift can cause a 20–40 percentage point change in the
exceedance area. Evaluations that do not characterize this dependence are vulnerable to
threshold revisions.

4.3. Spatial Patterns: Zones, Pathways, and Sensitive Receptors

Composite H(x) was higher in residential zones than in industrial zones (Table 7)
because the composite index combines exposure relevance and toxicity weights, so that the
same level of contamination leads to a higher H(x) priority score where children actually
reside. The results indicate that the dominance of cadmium in all zone types (65–84%),
combined with the secondary role of arsenic (15–34%) in residential areas, results in elevated
exceedance probabilities. Whether this overlap reflects a common source or a spatial
coincidence cannot be determined from the available data, and source apportionment
analysis would be needed to resolve the multi-metal spatial co-occurrence patterns.

The H(x) priority pattern is validated against the independent anthropogenic source
factor of [5] (Factor 1: log As, log Pb, log Zn, Co): the two correlate significantly (Spearman
ρ = 0.51, p < 0.001; Figure S11), confirming that high-priority zones coincide with
documented contamination sources. The 198 reserved locations additionally constitute a
prospective out-of-sample validation set for a planned campaign. These are corroborative,
not confirmatory.

Heavy metal contamination of roadside soils was associated with localized point
source emissions at specific locations, consistent with the previous identification of traffic
as the dominant contamination source in Debrecen [5]. The receptor-focused interpretation
is also consistent with studies documenting heavy metal contamination in child-sensitive
urban settings such as parks, playgrounds, and preschool facilities [41,42]. Increasing
variance near roads is consistent with spatially heterogeneous contamination rather than a
uniform roadside band.

The four high-priority receptors (Section 3.6) warrant careful interpretation, as H(x)
for a single receptor site is a point-support estimate on a 50 × 50 m grid cell, while the
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physical extent of a playground or school building corresponds to a block-support volume.
Regularization to block support reduces the dispersion variance and consequently reduces
the exceedance probability relative to the point-support value [20]; the reported H(x) values
at these receptors are therefore upper bounds on the block-support H(x). The conditional
probability at any given grid node also depends on the visiting-order of the sequential
algorithm; different random visiting sequences result in different conditioning configura-
tions and hence different local posterior distributions [26]. This path-order dependence is
most pronounced for indicator categories with low global proportions: in this study, Ni
(2.4%), Pb (4.3%), and As (4.7%). The conditioning density of the 295 observations on the
approximately 203 km2 study area is sparse, and the uncertainty at any given receptor site
depends on the local data configuration and the range of the indicator variogram [43]. The
four high-priority receptors may therefore reflect true localized contamination but may
equally reflect stochastic fluctuations at data-poor sites. The costs of misclassification are
asymmetric; under-prioritizing a truly contaminated site has larger public health conse-
quences than flagging a site for confirmatory sampling [7]. Confirmatory sampling of these
four sites is warranted before remediation decisions are made.

4.4. Methodological Comparison with Alternative Approaches

The choice of SISIM over alternative spatial prediction methods rests on four prop-
erties that are important for regulatory exceedance mapping and are discussed in detail
in Supplementary Text S1. First, kriging minimizes local estimation variance but sup-
presses extremes, which can bias exceedance probabilities downward at the locations
where contamination is highest [7,20]. Second, sequential Gaussian simulation requires the
multi-Gaussian condition, which is difficult to justify for skewed heavy-metal data and
can decorrelate extreme values [6,8,20]. Third, SISIM constrains stationarity to the binary
indicator field rather than the continuous concentration surface, which is more defensible
in heterogeneous urban soils [6,17,44]. Fourth, standard machine-learning point-prediction
workflows do not directly provide the spatially coherent multi-site uncertainty required for
area-based remediation decisions or for propagating uncertainty through H(x) [8,45,46].

An empirical ordinary-kriging comparison on the present dataset is useful as a cau-
tionary check but should be interpreted conservatively (Table S7, Figure S6). For Cd, where
exceedance is widespread, OK and SISIM agreed closely. For Cr, SISIM produced a much
larger exceedance area than OK, consistent with the known smoothing effect. For several
metals with sparse or no exceedances, however, auto-fitted OK variograms produced
physically implausible predictions, including negative mean concentrations for Co, Cu,
and Pb and an extreme overestimate for Ni (OK mean = 783 mg/kg against a 40 mg/kg
threshold). These artifacts show why continuous OK with automatic variogram fitting
is not a defensible replacement for threshold-targeted SISIM in this dataset; the SISIM
probability surfaces based on expert-fitted indicator variograms remain the primary results.

4.5. Uncertainty and Methodological Context

The conditional variance of H(x) over the 100-realization ensemble (mean standard
deviation = 0.167; Section 3.7) implies that nodes near the Very Low Priority/Low Priority
boundary (H = 0.20) can migrate between categories across realizations. The Monte
Carlo analysis of exposure relevance factors leads to the same practical interpretation
from a different uncertainty source; rank correlations remained very high, but categori-
cal assignments near H(x) = 0.20 changed for a substantial fraction of cells (Table S3,
Supplementary Materials). The transition zone is where additional sampling would most
effectively reduce misclassification uncertainty [18–20]. The sensitivity of binary classifica-
tion to the ensemble size between 10 and 100 realizations (Section 3.7) falls within the range
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where the average exceedance rate converges rapidly, suggesting that the area classified as
exceeding the threshold at p > 0.50 remains unstable until the ensemble is large enough
to resolve the conditional probability at nodes near p = 0.50.

A systematic convergence analysis confirms and extends this observation (Table S4,
Figure S3a,b). SISIM was run at seven ensemble sizes (N = 10, 25, 50, 100, 200, 500, 1000)
for all eight metals. Seven of the eight metals reached <1% misclassification relative to the
N = 1000 baseline at N ≤ 100. Metals with extreme indicator proportions—As (4.7%), Co
(0.0%), Cu (18.3%), Ni (2.4%), Pb (4.3%), and Zn (5.4%)—stabilized at N = 10 − 25 because
most locations lie far from the p = 0.50 decision boundary. Co converged trivially because
the maximum observed concentration (23.9 mg/kg) is below the regulatory threshold
(30 mg/kg), so the exceedance probability is zero everywhere. Ni similarly converged at
N = 10 with 100% classification agreement at N = 100 because only 6 of 253 samples
exceeded the 40 mg/kg threshold. Cd converged at N = 100 (0.7% misclassification). Only
Cr (indicator proportion 52.3%) showed slower convergence, with 29.1% misclassification
at N = 100 and N > 500 required to fall below 1%. This behavior is consistent with
binomial sampling theory near p = 0.50. Composite H(x) priority classification changes
were concentrated at the Very Low Priority/Low Priority boundary and did not alter the
spatial priority ranking.

There are known theoretical limitations of the SISIM framework that affect the interpre-
tation of these uncertainty estimates; these can be traced back to the restrictive conditions
on the exact reproduction of indicator correlograms, which are usually not satisfied in two
or more dimensions [18]. In practice, realizations should be treated as stochastic images
rather than draws from a fully specified probability model [18]. The posterior probability of
an event for a given node also depends on the grid resolution and the size of the simulated
domain, both of which are user-defined. These caveats do not invalidate the ensemble
statistics but imply that the uncertainty estimates are themselves model-dependent approx-
imations. The uncertainty estimates in the present study reflect the inherent properties of
the SISIM framework, including the path dependence of the sequential simulation algo-
rithm and the sensitivity of exceedance rates to conditioning data density [26]. The path
dependence is most pronounced for the indicator categories with low global proportions,
suggesting that Ni (2.4%), Pb (4.3%), and As (4.7%) are the metals most affected in the
present study.

These results are consistent with other urban soil studies in Central and Eastern
Europe. Rapant et al. [47] identified arsenic as the primary contaminant of concern in Slovak
urban soils, with the exception that cadmium dominated in Polish industrial zones [48].
The combination of indicator simulation with Gaussian simulation has been shown to
produce more contrasting exceedance probabilities at regulatory thresholds and thus lower
classification uncertainty [49]. Whether an integrated SISIM-SGSIM approach could refine
probability estimates remains an open question.

4.6. Limitations and Future Directions

The following methodological limitations should be acknowledged.
First, the exposure relevance factors were assigned from a literature review and expert

judgement following ECHA guidance [39], without formal expert elicitation or bioavailabil-
ity data. The Monte Carlo analysis with +/−50% simultaneous perturbation of the child
exposure relevance factors confirmed strong rank stability (median Spearman ρ = 0.989;
Table S3 and Figure S2, Supplementary Materials), but H(x) should still be interpreted as a
relative exceedance-priority ranking rather than a toxicological dose estimate. The category
changes mainly reflected locations close to the Very Low Priority/Low Priority boundary.
The analysis focused on the child exposure scenario because soil ingestion and dermal
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contact rates are higher for children than for adults in residential settings [38] and because
the child and adult H(x) surfaces differed by less than 2% in the baseline calculation.

Second, all exceedance probabilities are reported at point support on the 50 m sim-
ulation grid. At the block-support scale relevant for remediation planning, exceedance
probabilities would be lower because block averaging reduces dispersion variance and
compresses distribution tails [17]. For the four high-priority sensitive receptors, regular-
ization to 100–200 m blocks would probably reduce exceedance probabilities by roughly
10–30% relative to the point support values [7,20]; the reported receptor H(x) values should
therefore be interpreted as upper bounds [49].

Third, XRF measurement error was not propagated into the simulation. Each sample
was measured in five independent replicates, and the median concentration was used as
input, which reduces but does not eliminate random measurement noise. A formal p-field
error model [50] was not implemented because five replicates per sample are insufficient to
estimate per-sample measurement variance.

Fourth, the composite index treats metals independently and does not model syner-
gistic or antagonistic toxicological interactions. This is a limitation of the present static
exceedance framework; quantitative interaction terms remain too uncertain to parameter-
ize reliability. Additional details on indicator discretization, realization erraticity, and the
theoretical nature of the ML comparison are provided in Supplementary Text S3.

Rapid urbanization in Debrecen has resulted in increasing environmental pressure
on the urban soil system, with large-scale industrial investments (electrified automotive
cluster), associated infrastructure development and population growth. The assessment is
a snapshot of the sampling period (late summer of 2022), and the contamination baseline
established here will shift as new emission sources become operational, traffic increases, and
previously undeveloped areas are sealed or redeveloped. Repeated sampling at 5–10-year
intervals is necessary to update the exceedance probability maps.

Further studies should focus on (1) in vitro bioavailability measurements [51] on
representative soil samples to refine exposure relevance factors based on analytical data;
and (2) targeted additional sampling in the transition zones identified per metal, which
provide a rational basis for reducing classification uncertainty, particularly at the four
high-priority sensitive receptors where current conditioning densities are insufficient to
resolve whether elevated H(x) reflects true contamination or ergodic fluctuations.

For practical use, H(x) identifies toxicity-weighted priority areas, the CCI and MSI
give complementary multi-metal severity, and the single-metal exceedance maps indicate
which element drives a given priority cell and should be targeted in follow-up sampling.

5. Conclusions
We applied a probabilistic exceedance-prioritization framework integrating SISIM

with toxicity-weighted composite exceedance indexing to screen heavy metal exceedance
patterns in urban soil in Debrecen, Hungary.

Widespread threshold exceedance was confined to cadmium (approximately 98% of
the study area at point support) and chromium (approximately 82%). Arsenic, copper, and
zinc showed localized exceedance, cobalt did not exceed the regulatory limit, while nickel
exceedance was rare and spatially negligible. Approximately 86% of the study area fell into
the Very Low Priority class and 14% into Low Priority; less than 0.1% exceeded Moderate
Priority. Four sensitive receptors in the east-central area reached Moderate or Very High
Priority and warrant confirmatory sampling before definitive site-level classification.

Threshold sensitivity analysis confirmed that exceedance classification is a function
of the chosen regulatory threshold, not a fixed property of the contamination field. Un-
certainty was highest in transition zones near the P = 0.50 exceedance boundary and the
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H(x) = 0.20 priority-class boundary, where additional sampling would most effectively
reduce misclassification. Monte Carlo perturbation of exposure relevance factors confirmed
strong spatial rank stability (median Spearman ρ = 0.989), indicating that the broad
priority pattern is robust even though boundary locations may change class.

The SISIM-based H(x) framework provides a screening bridge between regulatory
exceedance probability and site prioritization without recasting H(x) as a formal HQ/HI-
type health-risk estimate. The framework is threshold-agnostic and transferable to other
regulatory systems by substituting local metal concentrations, variogram parameters,
regulatory thresholds and exposure relevance factors. All scripts, configuration files, and
the input dataset are publicly available [52,53].

Supplementary Materials: The following supporting information can be downloaded at: https://www.
mdpi.com/article/10.3390/soilsystems10080089/s1. Text S1: Theoretical justification for SISIM versus
alternative approaches; Text S2: CCI and MSI multi-indicator indices; Text S3: Sensitivity testing,
realization uncertainty and supplementary limitations; Text S4: Interpretation of the convergence
analysis—pixel-level versus areal convergence and ergodic Monte-Carlo fluctuation; Table S1: Spear-
man rank correlation matrix of heavy metal concentrations (n = 295); Table S2a: Explained variance
of heavy metal concentrations based on factor analysis; Table S2b: Rotated factor loadings; Table S3:
Monte Carlo sensitivity analysis of the child exposure relevance factors (1000 iterations, ±50% uni-
form perturbation); Table S4: Convergence of SISIM exceedance classification across ensemble sizes;
Table S5: Sensitivity of H(x) to the assumed Cr(VI) fraction; Table S6: Stratified 10-fold cross-
validation of the indicator kriging model underlying SISIM; Table S7: Comparison of SISIM and
ordinary kriging exceedance classification; Table S8: Oral reference value, type and source per metal
with the assigned child exposure-relevance factor; Table S9: Effect of cell declustering on the marginal
exceedance proportion and mean concentration per metal; Table S10: Detection limits of the Skyray
Instrument Explorer 9000 handheld XRF spectrometer; Figure S1: Spatial distribution of included
(n = 295) and excluded (n = 198) sampling sites; Figure S2: Distribution of Spearman rank
correlations between baseline and perturbed H(x) across 1000 Monte Carlo iterations; Figure S3a:
Convergence of the SISIM exceedance classification across ensemble sizes; Figure S3b: Convergence
of the composite H(x) priority classification across ensemble sizes; Figure S4: Sensitivity of H(x) to
Cr(VI) fraction assumptions; Figure S5: Cross-validation performance of indicator kriging by metal;
Figure S6: SISIM versus ordinary kriging comparison; Figure S7: Reproduction of the fitted indicator
variogram models by the SISIM realizations; Figure S8: Multi-indicator contamination indices (CCI
and MSI); Figure S9: Composite priority class-change map between the N = 100 and N = 1000
ensembles; Figure S10: Grid-sensitivity of the exceedance mapping (50/100/200 m); Figure S11:
Independent validation of the composite priority surface H(x) against the anthropogenic source
factor of [5].
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Data Availability Statement: The topsoil heavy metal concentration dataset is publicly available on
Zenodo [53]: https://doi.org/10.5281/zenodo.15746844. The SISIM workflow scripts and composite
exceedance index code are available as a companion software package [52]: https://doi.org/10.5
281/zenodo.21534457. Sensitive receptor data (playgrounds, schools, kindergartens, childcare and
healthcare facilities) and road data were obtained from OpenStreetMap https://www.openstreetmap.
org/. This SISIM-based exceedance framework is the second stage of an ongoing methodological
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program applying the same probabilistic screening logic to complementary environmental assessment
problems; companion tools will be released as those studies are completed.
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