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Abstract: Environmental risks often stem from contamination driven by chemical stres-
sors introduced from multiple sources, either geogenic or anthopogenic. Differentiating
between anthropogenic chemical anomalies and those inherent to the environment is cru-
cial. This distinction is essential for defining feasible remediation objectives. This study
applied univariate and multivariate statistical techniques to analyse geochemical data from
over 7000 topsoil samples in Campania (Southern Italy), over an area of approximately
13,600 km?2. A key step in the methodology was applying Normal Score Transformation
(NST), which stabilized the variance of the dataset, pulling the extreme outliers back to
normal ranges, making it more suitable for multivariate analysis. Principal Component
Analysis (PCA) was performed, and four components were selected; the spatialization of
their scores revealed four primary independent sources controlling geochemical variability
across the region. Specifically, two distinct volcanic districts were identified, plus a silici-
clastic and an anthropogenic component. The integration of RGB composite maps further
refined this differentiation, emphasising the coexistence or the predominance of one com-
ponent over the other. The methodological approach demonstrated here provides valuable
insights for environmental risk assessment and remediation planning in geochemically
complex and anthropized regions.

Keywords: normal score transformation; multivariate analysis; anthropogenic; geogenic;
colour composite map; volcanic districts; topsoil

1. Introduction

Soils are the result of physical, chemical, and biological processes affecting rocks
and their weathered products. They are the result of natural processes [1-3], but also
have been widely disturbed by anthropic actions (such as industrial production, motor
vehicles mobility, waste disposal and agricultural practices). Soil represents a reservoir
of chemical elements and compounds featuring an extreme spatial variability across the
whole Earth [4,5]. Defining the distribution of chemical elements and their anomalies,
as well as understanding the nature of the factors controlling their spatial variability, is
essential for those committed to environmental management, particularly when addressing
the effects on ecosystems and living beings to target the development of remedial actions.
In this framework, it is crucial to understand the apportionment of inputs [6] to focus on
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reducing the anthropogenic rather than geogenic contribution. Of course, this latter point
is challenging, especially when assessing the environmental status of an anthropized area,
where urban and industrial settlements and agricultural practices make the presence of
uncontaminated soils relatively uncommon.

Many approaches that assess the entity and origin of elemental enrichments in soil
are based on comparing locally observed concentrations with reference levels, such as the
average composition of the Earth’s crust, regionally developed background thresholds
or local potentially uncontaminated soil. Among these methods, it is worth noting the
Enrichment Factor (EF) [7], the Igeo [8], the Contamination Factor (CF) [9], the Pollution
Index (PI) [10], and others. Reimann and de Caritat [11] note that the methods listed
above are not necessarily capable of discriminating the amount of contamination due
to anthropogenic sources, since several natural processes, also occurring at a very local
scale, may lead to elevated concentrations of chemical elements in the soil. It follows
that the discrimination of natural and anthropogenic contributions to the overall number
of chemical elements in soil should follow a more articulate path, possibly focusing on
the complexity of the potential sources rather than on the divergence of the measured
concentration from the expected one.

Geochemical data often exhibit non-normal distributions, as they present outliers
that can strongly influence their distribution; this is due to the complex interplay be-
tween multiple sources, such as varying lithological units, anthropogenic inputs, and
natural geochemical processes. These diverse origins can lead to skewed or multimodal
distributions, challenging the assumptions of traditional statistical methods that rely on
normality [12-14]. Therefore, normalization methods must be applied. Non-linear transfor-
mations are frequently employed in analysing geochemical datasets to account for skewed
distributions, reduce the influence of extreme values, and improve the applicability of
statistical techniques that assume normality or linear relationships among variables [15].
A variety of normalization techniques have been proposed by several authors, such as
the Box—Cox transformation [16,17], the normal score transformation [18], or the log-
transformation [19-21], even though the results can often be moderately different.

Geochemical datasets derived from environmental studies often feature a multidimen-
sional structure that allows researchers to work on individual variables and consider the
simultaneous changes occurring in multiple elements in space and over time, in the case
of numerous sampling campaigns. Multivariate analysis (e.g., Factor Analysis, Cluster
Analysis, Principal Component Analysis) has proven to be a valuable tool for robustly and
consistently investigating geochemical datasets [22-24].

Principal Component Analysis (PCA) is a widely used technique that aims to reduce
the dimensionality of data by transforming correlated variables into a set of uncorrelated
principal components, which capture the underlying structure of the data by representing
the relationships among the original variables without redundancy [25]. The interpretabil-
ity among the variables can be enhanced by applying different rotation methods [26].
Varimax rotation is the most used method, although other methods exist, such as Promax,
Oblimin, and Quartimin [27,28]. Varimax operates under the assumption that the resulting
components are orthogonal, and thus statistically independent, implying that the loading
of a variable on one component does not affect its loadings on the others. This rotation
method produces a simpler structure, making it easier to associate element groupings
with specific geochemical processes or sources [29,30]. This is particularly useful in geo-
chemical studies, where distinct factor patterns often reflect lithological, anthropogenic, or
hydrothermal influences.

Specifically, PCA has been widely applied for geochemical and other types of geo-
scientific data investigation [31]. Mineral exploration has long used it by determining
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multi-elemental associations, which could be used as practical markers for mineralized
areas [32,33] and to highlight geochemical anomalies related to the geology and mineral-
ization of the underlying bedrock [34]; it also helps identify and distinguish the different
origins of specific minerals based on their chemical composition, allowing one to trace
the provenance and therefore identify potential hidden mineralized areas [35]. Also,
the study of geochemical processes that regulate the compositional evolution of magma
has benefited from the application of PCA [36]. In recent studies, the combination of
different multivariate statistical methods has proven to be particularly interesting in inter-
preting and managing different geologic matrices (e.g., hydrogeochemistry, mineralized
area) [37,38]. It has also been widely used to examine the spatial distribution of heavy met-
als in soils [39,40]. In recent decades, PCA has also been successfully used in environmental
geochemistry [37,41,42], in studies referring to different spatial scales (from continental to
very local scales), to discriminate the contributions proceeding from anthropogenic sources
from those of geogenic origin, and to differentiate multiple sources even if they are all
dependent on natural processes (e.g., different lithologies) or human actions (e.g., various
industrial processes).

While normalization techniques and multivariate statistical tools are commonly used
in geochemical studies, their application often varies depending on the scale of analysis,
study objectives, and methodological approach. This variability raises a key question: How
can a standardized, reproducible, and scalable procedure be developed for applying these
tools in complex geological and environmental contexts? Addressing this is essential to
improve the comparability and reliability of geochemical analyses across studies.

This work aims to develop a consistent and operationally robust workflow to char-
acterize topsoil geochemical patterns in highly anthropized areas with significant geo-
logical variability. The Campania region in southern Italy, with its complex geology and
widespread anthropogenic pressure, was selected as an ideal case study for testing the
proposed workflow.

2. Materials and Methods
2.1. Study Area

The Campania Region in southern Italy (Figure 1) covers an area of approximately
13,600 km? and is Italy’s third most populous region, with about 5.6 million inhabitants.

It can be morphologically divided into two main areas. The first is the NW-SE trending
Apennine Mountains, which formed during the Cretaceous-Tertiary Alpine orogeny. These
mountains consist of NE-verging thrust sheets, resulting from the NE-SW compression
caused by the ongoing subduction of the Adriatic and Ionian microplates [43,44]. The
Apennines are composed of Mesozoic carbonate rocks and primarily Tertiary siliciclas-
tic rocks, deposited in various tectonic environments. The highest peaks, which reach
1800-2000 m, are composed of carbonate rocks and feature steep slopes with debris flow
deposits. Surrounding the mountains are moderately high hilly regions, where siliciclastic
rocks, such as siltstones, sandstones, and conglomerates, dominate (Figure 1a).

Subsequently, during the Quaternary period, tectonic processes led to faulting along
the western side of the Apennine chain, coinciding with the onset of back-arc volcanic
activity. This activity began with the formation of the Roccamonfina volcano (700,000 years
ago), followed by Ischia Island (150,000 years ago), the Phlegraean Fields (60,000 years ago),
and Somma-Vesuvius (25,000 years ago). During this time, large depressional structures
were filled with alluvial and volcanic deposits, which are currently found in the main
alluvial plains of the Campania and Sele Rivers. The oldest volcanic deposits are associated
with the Roccamonfina volcanic complex to the north (Figure 1), where ultrapotassic and
potassic lava and pyroclastic rocks were emplaced between 0.6 and 0.1 Ma [46,47]. Most
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pyroclastic deposits are associated with large ignimbrite eruptions from Mt. Somma—
Vesuvius and the Phlegraean Fields (Figure 1a), with the largest ignimbrite event occurring
approximately 39,000 years ago [48-50]. These eruptions were triggered by fractures
resulting from intense block-faulting and rifting on the western side of the Apennines [51].
The alkaline magmatism, characterized by a high potassium content [52,53], is part of the
Roman Magmatic Province.

Figure 1. (a) Geolitholical map modified after Guarino et al. [45]; (b) Map of topsoil sample distribution.

2.2. Soil Sampling and Analyses

The soil sampling was conducted using methodologies established by the Forum
of European Geological Surveys (FOREGS), now known as EuroGeoSurveys [54], and
the GEMAS (Geochemical Mapping of Agricultural and Grazing Land Soil) programs
for regional geochemical mapping [55]. Specifically, subsamples were mixed to obtain
a more representative composite sample at each site. The study area was divided into
100 x 100 m grids, with subsamples taken from the four corners and the centre of each
grid cell, which were subsequently homogenized into a single composite sample. A total
of 7300 samples (5-15 cm) were collected (Figure 1b), with a higher sampling density in
urban areas compared to suburban ones, and then transported in polyethylene bags. As
a first step, all samples were dried using infrared lamps at a temperature below 35 °C,
followed by sieving through a 2 mm mesh. The sieved fractions were then subjected to
chemical analysis for 52 elements (Ag, Al, As, Au, B, Ba, Be, Bi, Ca, Cd, Ce, Co, Cr, Cs,
Cu, Fe, Ga, Ge, Hf, Hg, In, K, La, Li, Mg, Mn, Mo, Na, Nb, Ni, P, Pb, Pd, Pt, Rb, Re, S,
Sb, Sc, Sn, Sr, Te, Th, Ti, TL, U, V, W, Y, Zn, Zr) using Inductively Coupled Plasma Mass
Spectrometry (ICP-MS) and Inductively Coupled Plasma Emission Spectrometry (ICP-ES)
at Bureau Veritas (formerly Acme) Analytical Laboratories Ltd. in Vancouver, BC, Canada.
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The dataset comprises two subsets of topsoil samples collected as part of two geo-
chemical prospecting projects [56,57]. The total of 7300 samples represents the progressive
integration of these subsets over time, reflecting the evolution of the sampling campaign.
As the study advanced, the analytical scope was gradually expanded to include additional
elements, in line with improvements in laboratory instrumentation and analytical tech-
niques. As a result, the number of samples available for each analyte varies since some
elements were introduced into the analysis at later stages.

Reagent blanks, duplicate samples, and certified reference soil verified the precision
and accuracy of the analyses. Data quality was assessed using two duplicate pairs, and the
results were considered following international standards. Precision was calculated as the
Relative Percent Difference (% RPD) based on duplicate sample results, while accuracy was
determined from the analyses of replicate standard samples. For the analysed elements, the
quality controls were consistent, with a precision and accuracy below 8%. The values below
the detection limits (DLs) were replaced by half the DL of the corresponding element, as this
provides an approximation without assuming a zero value, which could be incorrect [55].
For more details on RPD and accuracy, see Table 1 in the Results section.

Table 1. Main statistical indices for the 21 elements in the topsoils of the Campania region. Note:
Element concentrations are given in mg/kg, except for Hg (ug/kg).

Accuracy RPD

Element Samples Min Q25 Median Mean Q75 Max SD CV% MAD Skewness Kurtosis (%) (%)
As 7300 0.60 7.90 11.80 12.40 15.20 930.00 13.02 105.00 3.70 48.88 3387.39 2.60 2.70
Ba 7300 8.30 194.20 337.00 36848  505.00 295350  220.02 59.70 152.00 1.16 5.19 4.30 5.60
Be 5864 0.10 2.40 4.70 4.56 6.30 17.90 2.42 53.10 1.80 0.33 —0.04 6.90 11.10
Bi 6963 0.03 0.32 0.42 0.47 0.53 11.82 0.35 75.40 0.11 12.98 310.13 8.50 16.20
Cd 7152 <0.01 0.20 0.31 0.45 0.51 11.06 0.52 114.30 0.13 6.74 86.42 5.20 6.90
Co 7300 0.50 8.30 11.50 11.78 14.60 88.00 5.36 45.50 3.20 1.84 13.74 5.50 8.90
Cr 7300 <0.50 10.80 16.90 21.74 27.50 808.40 24.14 111.10 7.40 13.42 311.59 5.20 4.60
Cu 7300 2.51 32.92 52.86 93.50 111.39  2394.33 12561  134.30 26.79 6.04 59.66 4.80 8.40
Hg 6915 <5.00 29.00 45.00 82.31 77.00 6775.00 161.17  195.80 20.00 16.76 532.28 9.00 17.70
Mn 7300 51.00  677.00 834.50 944.79  1082.00 7975.00  508.81 53.90 188.50 417 34.12 2.70 3.80
Mo 7300 0.06 0.74 1.10 1.38 1.67 62.15 1.52 110.00 0.44 14.29 412.96 6.00 4.40
Ni 7300 0.40 12.00 16.10 19.86 25.30 155.60 13.34 67.20 5.60 1.85 5.82 3.50 3.70
Pb 7300 3.12 29.66 47.07 59.91 66.60 2052.18 70.80 118.20 18.33 9.20 152.30 4.80 3.30
Sb 7065 0.01 0.35 0.52 0.79 0.79 42.80 1.42 179.30 0.20 14.54 334.77 14.70 3.50
Sn 5864 0.20 1.70 2.90 3.54 4.10 125.60 4.48 126.70 1.20 13.56 277.04 5.70 4.70
Sr 7300 4.60 80.00 141.50 166.16 22355  1370.60  115.11 69.30 69.30 1.49 5.80 6.90 5.10
Th 7300 0.30 7.10 12.10 12.61 16.40 64.30 7.16 56.80 4.70 1.24 3.58 6.20 5.60
Tl 7113 0.05 0.71 1.36 1.38 1.95 69.00 1.14 82.80 0.62 29.99 1753.33 3.60 3.50
U 7134 <0.1 1.30 3.00 3.35 4.80 43.20 2.40 71.50 1.70 1.88 14.75 6.90 2.20

v 7300 4.00 45.00 64.00 76.58 89.00 234.00 29.49 43.60 22.00 0.48 —0.11 4.60 10.00
Zn 7300 3.90 68.00 85.90 103.65  110.83  3210.60 91.14 87.90 20.40 11.63 263.50 3.60 4.70

2.3. Data Preparation and Multivariate Analysis

To mitigate the effects of the non-normality of the geochemical dataset, a transfor-
mation was applied to normalize the dataset. One of the most frequently used methods,
the Box—Cox transformation, allows one to identify which power transformation can best
convert their distribution to a quasi-symmetric one, making the interpretations of the
results more straightforward [16]. It is based on applying a parametric power transfor-
mation controlled by a lambda (A) parameter, which varies within a defined range. This
normalization also allows for back-transforming the data following statistical analysis.
Since normalization was applied, class intervals for the spatial distribution maps were
determined based on the median (M) and standard deviation (o), with threshold values
setat M £ 20, M £ 0, and M itself. These values were then back-transformed to provide
concentrations in their original units (mg/kg), ensuring that the classification remained
interpretable in a raw geochemical context. Spatial distribution maps of the raw data
concentration were generated using ArcGIS (version 10.8).

A Normal Score Transformation (NST) was also applied to improve its suitability
for multivariate statistical analysis. A Kolmogorov—Smirnov (K-S) test was conducted
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on the transformed dataset to ensure the goodness of normalization by NST. The data
transformation, the K-S test, and descriptive statistical analysis were performed using IBM
SPSS Statistics 25 and Microsoft Excel, respectively.

Before applying the multivariate approach, the Kaiser-Meyer-Olkin (KMO) test was
determined for each variable to assess the data’s adequacy for dimensionality reduction.
The KMO test measures the proportion of variance among variables that may be due
to common variance, thereby indicating the suitability of the dataset for multivariate
analysis. A KMO value of 0.5 or above is considered acceptable for proceeding with the
analysis [58,59].

A Principal Component Analysis was performed in R software (ver. 2022.07.2 Build
576) on a subset of 5864 samples, as they represent the common dataset for which all
analytes were available. A Varimax rotation was applied to facilitate the interpretation
of the results, as it is an orthogonal rotation that minimizes the number of variables with
high loadings on each component. Only variables with loadings greater than 0.6 were
considered when identifying the element associations for each principal component, to
improve the interpretability of the results and minimize the influence of weaker correlations.
The components obtained were studied and interpreted following their presumed origin
(natural, anthropogenic or mixed). The derived component scores were plotted for the
spatial distribution maps in ArcGIS (ver. 10.8) and were interpolated with Inverse Distance
Weighted (IDW).

3. Results

In this study, 21 of the 53 elements were selected for further analysis: As, Be, Bi, Cd,
Co, Cr, Cu, Hg, Ni, Mn, Mo, Pb, Sb, Sn, Sr, Th, Tl, U, V, and Zn. The selected elements
include Potentially Toxic Elements (PTEs), which are known for their environmental and
health risks due to their toxicity and potential to bioaccumulate. Additionally, elements
such as Be, Bi, Sr, and Th were chosen for their geochemical importance, as they reflect the
region’s complex geology [56,60,61].

Table 1 summarizes the basic statistics for the 21 selected elements in the topsoils
of the Campania region. All the elements exhibit a significant difference between the
minimum and maximum values, indicating substantial variation. Potential outliers
could occur, considering the high coefficient of variation (CV) and the considerable
discrepancies between the 95th percentile and the maximum values. The significance
(p < 0.05) of the Kolmogorov-Smirnov test (K-S test), as well as the values of skewness
and kurtosis, indicate the non-normality of the raw data for all the considered variables
(Supplementary Material, Figure S1). However, the data pass the K-S test after the Nor-
mal Score transformation (p > 0.05), yielding a symmetrical distribution, as shown in
Supplementary Material (Figure S2).

3.1. Raw Data Distribution

The study area’s spatial distribution of element concentrations reflects a complex
interaction of geological, volcanic, and anthropogenic factors (Figures 2 and 3).

Arsenic, Bi, Be, and Mo are clearly associated with volcanic areas and carbonate massifs
characterized by pyroclastic covers. For As, medium to high values (19.80-930.30 mg/kg)
are localized in volcanic regions and on massifs affected by deposits from the Campanian
Ignimbrite eruption. Similarly, Bi, with a range of 0.03-11.82 mg/kg, shows a comparable
distribution, presenting medium-high values (0.68-11.82 mg/kg) in these same areas. The
medium to high values for Be (7.49-17.90 mg/kg) and Mo (2.10-62.15 mg/kg) are also
concentrated in volcanic areas and along the Apennine chain, with Mo reaching its highest
values (>4.16 mg/kg) in the southern part of the territory. Thorium, with medium values
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(20.41-31.45 mg/kg), is distributed across carbonate massifs and volcanic areas, with the
Roccamonfina area showing the highest concentrations (>31.45 mg/kg). Uranium follows
a similar pattern, exhibiting medium to high values (5.94-43.20 mg/kg) in volcanic and
carbonate areas and medium values (3-5.94 mg/kg) in the surrounding zones, which
further decrease in the peripheral regions.

Figure 2. Raw distribution maps of (a) As; (b) Ba; (c) Be; (d) Bi; (e) Cd; (f) Co; (g) Cr; (h) Cu; (i) Hg;
(j) Mn; (k) Mo; (1) Ni. Six class intervals were defined using the median (M) and standard deviation
(o) values, as follows: <(M — 20); M — 20) — (M — 10); M — 1o) — M + 10); M + 1o) — M + 20);
>(M + 20).
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Figure 3. Raw distribution maps of (a) Pb; (b) Sb; (c) Sn; (d) Sr; (e) Th; (f) TL; (g) U; (h) V; (i) Zn. Six class
intervals were defined using the median (M) and standard deviation (o) values, as follows: <(M — 20);
M—-20)—M—10); M —10) — M+ 10); M+ 1o) — M + 20); >(M + 20).

Elements such as Co, Ni, and Mn exhibit a similar distribution, with medium
to high concentrations localized in the southern and northeastern sectors. For cobalt
(17.38-88 mg/kg) and Ni (30.06-155.60 mg/kg), medium to high concentrations are found
in the same areas, while Mn (1289.40-7975 mg/kg) exhibits a gradient that decreases toward
the western coast. Chromium exhibits a similar behaviour, with medium concentrations
(34.23-66.18 mg/kg) distributed in the southeastern sectors and some high concentrations
(>66.18 mg/kg) in the southern area of Somma-Vesuvius.

Barium, Sr, and Cu are strongly associated with volcanic areas and carbonate mas-
sifs. Barium, with concentrations reaching 2953.50 mg/kg, shows medium to high val-
ues (591.94-935.17 mg/kg) in the Somma-Vesuvius and Roccamonfina regions, while
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Sr (176.05-1370.60 mg/kg) is primarily concentrated in these same volcanic areas and
the northeastern part of the region. Similarly, medium to high Cu concentrations
(130.33-370.18 mg/kg) are distributed around the Somma—-Vesuvius area, with higher
values (>370.18 mg/kg) localized in two samples along the eastern border of the territory.

Lead, Sb, Sn, and Zn show a distribution associated with major urban centres and
anthropogenic activities. Lead (97.12-208.30 mg/kg) and Sb (1.14-2.78 mg/kg) reveal
medium to high concentrations in the main cities, with some lead samples reaching very
high values (>208.30 mg/kg). Tin (5-125.60 mg/kg) is also distributed in urban centres and
the northern and southeastern sectors, while Zn (140.95-249.67 mg/kg) is predominantly
located in urban areas, with specific zones showing concentrations exceeding 249.67 mg/kg.

Mercury, Cd, and TI correlate with urban centres and internal areas. Mercury shows
medium to high concentrations (110.18-6775 pg/kg) in Naples, Salerno, and some internal
regions, whereas Cd, with medium values (0.66-1.50 mg/kg), is localized near major urban
centres and in the southern part of the territory, with high concentrations (>1.50 mg/kg) in
the northern sector.

Thallium and V are predominantly distributed in volcanic areas and carbonate massifs.
Thallium (3.83-69 mg/kg) and V (136.56-234 mg/kg) exhibit higher concentrations in
volcanic areas and across the massifs with pyroclastic covers, with medium values gradually
decreasing toward peripheral zones.

3.2. Spatializing Principal Component Scores

The KMO test yielded an overall value of 0.89, indicating that the dataset had a strong
underlying structure, with variables sharing a high degree of common variance. Thus, a
Principal Component Analysis was highly appropriate, with results likely reflecting real
latent patterns. The proper number of components was determined based on eigenvalues
greater than 1 [62].

Table 2 presents the PCA results, including loadings, eigenvalues, the percentage of
variance, and the cumulative proportion.

Table 2. Loadings, eigenvalues, variance, and cumulative variance percentage for PCA. Note: PCA
loadings values higher than 0.6 are in bold.

Element PC1 PC2 PC3 PC4
Th 0.92 0.08 —0.04 0.00
Be 0.90 0.24 —0.05 0.08
As 0.81 0.40 0.01 —0.05
Tl 0.78 0.26 -0.12 0.40
U 0.75 0.23 —0.24 0.35
\% 0.70 0.21 0.31 0.48
Bi 0.69 0.49 0.18 —0.18
Ba 0.58 0.23 0.00 0.69
Sn 0.46 0.72 -0.14 0.19
Pb 0.45 0.75 —-0.16 0.22

Mn 0.39 0.01 0.67 —0.16
Mo 0.39 0.47 0.06 0.38
Ni —0.29 —0.03 0.89 —0.08
Sb 0.28 0.81 —-0.17 —0.01
Cr —0.24 0.15 0.81 -0.19
Cd 0.22 0.65 0.32 0.06
Zn 0.11 0.81 0.19 0.24
Co 0.10 —0.08 0.92 0.20

Cu 0.07 0.45 0.08 0.69
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Table 2. Cont.

Element PC1 PC2 PC3 PC4
Hg 0.06 0.79 —0.03 0.07

Sr —0.01 —0.02 —0.24 0.85
Eigenvalue 5.79 4.57 3.22 2.62
Variance (%) 425 15.7 10.1 8.8
Cumulative (%) 425 58.2 68.4 77.2

The first four Principal Components, PC1, PC2, PC3, and PC4, were selected based on
eigenvalues greater than 1, accounting for a total explained variance of 77.2%.

The PC1 (Figure 4a), which includes the associations Th, Be, As, T1, U, V, and Bi,
accounts for 42.5% of the total variance. The score values greater than 1 correspond to the
main volcanic district of Roccamonfina, the Volturno Plain, as well as the main carbonate
massifs of the region, and gradually decrease to scores between 0.5 and 1.0. Scores less
than —0.5 are prevalent in the northeastern and southwestern sectors of the region, where
siliciclastic units are present. The remaining territory exhibits no significant scores, ranging
from —0.5 to 0.5.

Figure 4. IDW interpolated distribution maps showing component scores for (a) PC1, (b) PC2,
(c) PC3, (d) PC4.
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The PC2 (Figure 4b) associated with Sn, Pb, Sb, Cd, Zn and Hg accounts for 15.7% of
the total variance. Scores greater than 1.0 are observed across the main urban centres of
the region, primarily in the cities of Naples and Salerno, as well as in the southern sector.
Values between —0.5 and 0.5 are prevalent throughout most of the territory, while negative
scores less than —1.0 characterize the eastern part of the area.

PC3 (Figure 4c), characterized by the association of Mn, Ni, Cr, and Co, accounts for
10.1% of the total variance. Scores greater than 1.0 are located along the western side of
the region and in the southern sector, corresponding to the areas of the siliciclastic units.
The remaining part of the territory is characterized by values between —0.5 and 0.5, with
negative values (<—1.0) primarily located across the Phlegraean Fields and Ischia Island.

PC4 (Figure 4d), which includes the associations Sr, Ba, and Cu, accounts for 8.8%
of the total variance. Scores greater than 1.0 are specifically located in correspondence
with the Somma-—Vesuvius area, gradually decreasing to values between 0.5 and 1 in the
surrounding area. Negative scores (<—1.0) are located in the north and south sectors of
the region, while the remaining parts are characterized by non-significant values, ranging
between —0.5 and 0.5.

4. Discussion
4.1. Data Distribution and Visualization

The analysed data exhibited a lognormal distribution, a typical behaviour for geochem-
ical variables due to the multiple geological and environmental processes governing their
distribution. To ensure the applicability of statistical methods that assume a normal distribu-
tion, a normal score transformation (NST) was applied, resulting in a normally distributed
dataset. NST is an effective method used to convert the original distribution of the data into
a standard normal distribution by ranking data values according to their corresponding
ranks in a normal distribution, from lowest to highest. Compared to another normalization
approach (e.g., Box-Cox), its advantage was the non-linear score transformation, which
improved the dataset for variance analysis. The rank-based transformation reduces the
influence of outliers by assigning them less weight relative to central observations. As a
result, the distribution of transformed data is very close to the Gaussian distribution (see
Supplementary Material, Figure S2) rather than other transformation approaches.

The spatial distribution maps of raw geochemical data provide a direct visualization
of element concentration patterns across the study area, revealing distinct spatial trends
and variability. The observed distributions reflect the influence of geological and poten-
tially anthropogenic factors, with specific regions showing enrichment or depletion for
certain elements. The concentration ranges help to delineate geochemical anomalies and
assess potential controlling processes. Since these maps are essential for understanding
the trends in raw data, integrating them with further statistical analyses enables a more
comprehensive interpretation of the underlying mechanisms influencing element disper-
sion. In fact, despite the complex processes involved in soil formation, which result in
significant overlaps in soil chemical composition, the influence of parent material is distinct
and identifiable.

4.2. Spatializing Principal Component Scores

The entire dataset was reduced to components using PCA to understand the different
controlling factors affecting the distribution of elements in the topsoils. This approach
was selected due to its methodological robustness, interpretability, and computational
efficiency. In addition to highlighting the associations among elements along independent
components, often corresponding to distinct geochemical sources, PCA enables the analysis
of score distributions, thereby allowing for a more precise spatial delineation of these
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sources [11,55]. The Varimax rotation was applied to enhance the loadings of variables
with high covariance (e.g., variables associated with anthropogenic factors).

Given the elements’ association with PC1 and their localization, it seems reflective
of the potassic and ultrapotassic rocks from which soils developed. The high scores
show a good correspondence with the main volcanic districts and the carbonate massifs,
characterized by widespread pyroclastic coverings from the Ignimbrite Campana eruptions.
This also applies across the Sorrento Peninsula and the eastern sector of Somma-Vesuvius,
where the volcanic products of the Ottaviano (8000 BCE) and Avellino (3800 BCE) eruptions
are present [63-65] (Figure 4a).

PC2 may reflect the effects of human activities, as displayed by the good matching
between high scores and urban centres [61,66]. This also applies to the southern part of the
region, where an extensive road network for internal and external regional connectivity is
present (Figure 4b).

PC3 may be linked to clay-dominant soils developed from siliciclastic deposits. In
particular, Mn plays a crucial role as it determines the co-precipitation of other elements,
such as Ni, Co, and Cr [67,68]. Indeed, there is a good spatial correspondence between high
scores and the outcrop of clay and marly units (Figure 1a).

PC4, with the association of Ba, Cu, and Sr, seems to reflect the volcanic origin of the
soils developed by the younger Vesuvian products, which are enriched by these elements.
As suggested by Savelli [69], this enrichment could be linked to processes such as the
gravitational separation of augite from the magma, as well as other factors, including gas
transport and carbonate assimilation (Figure 4d).

It is worth noting that neither of the two components associated with volcanic pro-
cesses (PC1 and PC4) seem to be representative of the geochemical signature of the Ischia
and Phlegraean Fields volcanic districts. However, both areas exhibit negative scores on
PC3, indicating that the weathering of siliciclastic deposits is not predominant. It may
suggest that, although the two districts exhibit similar geochemical behaviour, they remain
distinct entities compared to the Roccamonfina and Somma-Vesuvius volcanic complexes.

Previous studies of the Campania region [61,70] identified three primary geochemical
sources: one associated with volcanic origin, one with siliciclastic material, and one with
anthropogenic activities. However, none of them had ever identified the recent products of
Somma-Vesuvius as a distinct entity, separate from the other volcanic products of the area,
in a single component.

4.3. RGB Colour Composite Map

The colour composite maps (Figure 5) confirmed all the above considerations, which
were developed to provide an integrated representation of PC1, PC2, PC3, and PC4.

This chromatic approach enables the differentiation and highlighting of the distinct
geochemical signatures of the components, offering a synoptic view of the natural processes
occurring in the area and potential zones of overlap in geochemical signals [70,71]. Looking
at Figure 5a, the PC1 signal (in red), mainly associated with soils developed from volcanic
products of Roccamonfina, is prominently represented by the presence of the colour red, still
in correspondence with the volcano. The PC4 signal (in blue), attributed to soils originating
from the recent products of the Somma-Vesuvius complex, is limited to its volcano’s district,
as shown in Figure 4d. The Phlegraean Fields area is marked by a purple hue, resulting
from the overlap of the red and blue bands, which reflects the overlapping geochemical
signals associated with PC1 and PC4, thereby making the signal in the Phlegraean area
more discernible. The PC3 signal (green), associated with the geochemical signature of the
soils derived from siliciclastic units, is predominantly localized across the southern and
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northwestern sectors. This would confirm again the strong correlation of elements such as
Co, Mn, Nij, and Cr with these basin deposits.

Figure 5. Colour composite map of (a) PC1, PC3, and PC4; (b) PC1 + PC4, PC2, and PC3.

The two components associated with volcanic activity (PC1 and PC4) were summed to
compare the anthropogenic and natural components. Figure 5b represents the composition
of the components PC1 + PC4 (red), PC2 (green), and PC3 (blue), which helps identify
interactions between anthropic and natural processes. There is a clear overlap between
anthropogenic and natural components in the southern sector of the Somma-Vesuvius
area, specifically in the Sarno River basin, an area that has historically been subjected
to significant environmental pressure [72,73]. The PC2 also appears to dominate the
area between Naples and Caserta, where a dense road network, industrial activities, and
agricultural practices occur.

The same pattern is observed in the southern sector, where shades spanning from light
blue to light green indicate a co-dominance of siliciclastic and anthropogenic influences.
The strong PC2 signal appears to follow principal road axes, including the regional section
of the A2 motorway, which represents the primary road connection to the southernmost
part of Italy.

5. Conclusions

This study investigated the origin of geochemical variation and the controlling factors
of 21 variables in soils of a highly anthropized area characterized by complex geological
variability, such as the Campania region. The applied technical operating workflow, incor-
porating a normal score transformation (NST) and principal component analysis (PCA),
revealed different controlling factors influencing the distribution of the selected elements,
particularly in volcanic and siliciclastic units. Soils originating from volcanic lithologies,
primarily from Roccamonfina, are associated with high concentrations of Th, Be, As, TI,
U, V, and Bi. In contrast, soils formed from volcanic products from Somma-Vesuvius
are associated with high concentrations of Ba, Cu, and Sr. High concentrations of Mn,
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Ni, Cr, and Co are associated with soils derived from siliciclastic units. In addition, high
concentrations of Sn, Pb, Sb, Cd, Zn, and Hg are associated with the anthropogenic pressure
of the main urban centres and infrastructures across the territory.

The key difference between this research and previous studies in the area is an ad-
ditional component explicitly related to the Somma—Vesuvius area. This distinction has
allowed the discrimination of different geochemical fingerprints from different volcanic
districts, emphasizing the independence of variability sources, which previous studies
have not achieved. This improvement is likely due to the chosen normalization method,
NST, which optimizes the dataset for further statistical processing to extract more detailed
geochemical information, in contrast to previous work that tended to group all volcanic-
related elements into a single component. Future studies, with more in-depth analyses,
could also aim to identify the characteristic element associations of Phlegraean and Ischia’s
volcanic products.

The present study proposed a streamlined operational workflow for geochemical data
analysis in complex environmental contexts. This workflow is statistically supported by ap-
plying the Kolmogorov-Smirnov (KS) and Kaiser-Meyer—-Olkin (KMO) tests to ensure the
dataset’s normal distribution and its adequacy for multivariate analysis. Its reproducibility
and scalability make it particularly valuable for large-scale regional assessments and local
studies, provided each step is rigorously followed under similar data conditions.

These findings underscored the effectiveness of multivariate analysis, particularly
PCA, in discriminating between geogenic and anthropogenic processes and further dis-
tinguishing among various anthropogenic sources. This methodological approach offers
valuable insights for managing environmental risks and prioritizing remediation efforts.

Supplementary Materials: The following supporting information can be downloaded at: https://www.
mdpi.com/article/10.3390/environments12050163/s1, Figure S1: Raw data distribution plots of the
studied elements; Figure S2: Normal score transformed data distribution plots of the studie elements.
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