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A B S T R A C T   

Control of Potentially Toxic Elements (PTEs) in soil-polluted areas is needed to address the potential risk that 
pollution poses to public health and the environment. This study describes an innovative holistic methodology to 
assess the distribution of PTEs. It is based on the application of multi-variate statistical and geostatistical al
gorithms, soil pollution indices and geochemical & geomorphological/climate variables (element concentration, 
watercourses, winds, slope, orientation and visibility). The methodology proposed is exemplified through a 
comprehensive soil sampling in an area surrounding a former As-Hg mine that presents several sources of pol
lutants (abandoned mining spoil heaps, metallurgical waste, old chimneys, etc.). Factor analysis identified four 
main pollutants of concern: Hg, As, Pb and Sb. The mobility of the most abundant PTEs, especially As, and, to a 
minor extent, Hg, showed a clear influence of climatic/geomorphological variables. Moreover, the pollution 
indices confirmed that although the soils in the areas around the spoil heaps contain higher concentrations of the 
pollutants, the influence of the chimneys is present in the whole study area and depends on factors such as 
orientation and visibility. In contrast, the fingerprint of the spoil heaps showed a PTE distribution more asso
ciated with the slope factor and the presence of watercourses eroding the heaps. All things considered, the 
methodology proposed revealed PTE sources and distribution in a highly complex site and may therefore find 
application in similar scenarios of contamination.   

1. Introduction 

Careless mining and industrial practices in the past now pose a risk to 
the environment and public health. Furthermore, the abandonment of 
facilities devoted to these sectors without a scrupulous closure plan has 
led to inappropriate disposal of waste (Hudson-Edwards, 2016). One of 
the most common problems caused by the mining and industry sectors is 
the release of Potentially Toxic Elements (PTEs) into environmental 
compartments, such as soils, water bodies or sediments (Qiao et al., 
2020; Hooda, 2010). When PTEs exceed certain thresholds, they are 
particularly hazardous for soils due to their toxicity, long residence time 
and the ease with which they are taken up by soil organisms (Kabata- 
Pendias, 2011). In this regard, the fate of PTEs in the soil environment is 
dependent on both soil properties and environmental factors (Bolan 
et al., 2014 and references therein) that control, together with the 

specific properties of each PTE, their mobility. Mobility is often also 
related with (bio)availability (the fraction of the total chemical that can 
interact with a biological target, as defined by Vangronsveld and Cun
ningham, 1998), and subsequently an increase of (bio)availability is 
linked to health and environmental issues caused by PTEs as widely 
reported worldwide (Khanam et al., 2020; Xie et al., 2020; McIlwaine 
et al., 2017). 

Assessment of the geochemical behaviour and spatial distribution of 
PTEs in soils is a complex process as the following are often involved: 
multi-element pollution, when the contamination includes more than 
one PTE (Rate, 2018); multipoint pollution, when there are multiple foci 
of pollutant dispersal such as chimney emissions, direct dumps, leach
ates, etc. (Schaefer and Einax, 2016); and external agents, when 
geographical, meteorological or geomorphological variables (terrain 
verticality, presence of streams, winds, etc.) play a key role in the 
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transport of the contaminants (Lieberman et al., 2020; Gallini et al., 
2018; Camarero, 2017). In this respect, geochemists and environmental 
scientists pursue solutions through the use of mathematical tools able to 
address these issues (Opekunova et al., 2020; Dołęgowska and Michalik, 
2019; Tapia et al., 2019; Paiu et al., 2017). 

Multivariate statistics are key tools in soil geochemistry studies. They 
show high capacity to control the variability of geochemical data and to 
unravel results for multifactor identification (Facchinelli et al., 2001). 
Among the techniques applied in the study of soil pollution, the Hier
archical Cluster Analysis (HCA) is frequently used to classify samples 
into groups that share geochemical features (Sierra et al., 2014). A 
second commonly used tool is Factor Analysis, especially for the iden
tification of pollution sources, as well as for the determination of natural 
vs. anthropogenic contributions (Hernández-Pellón et al., 2018). Other 
alternative approaches involve the use of more complex mathematical 
algorithms, such as Random Forest (Yu et al., 2016) and Bayesian net
works (Albuquerque et al., 2017). 

Single component geochemical maps have proved useful to report 
the spatial variation of element concentrations. These maps are used to 
perform mineral exploration studies (Schnitzler et al., 2019) and soil 
quality assessments (Jin and Lv, 2020), among other applications. They 
have been used in the USA (Woodruff et al., 2015), China (Xie et al., 
2012) and Europe (Lado et al., 2008). By applying geostatistical models 
(e.g. kriging) that predicts the spatial distribution of the pollutants 
(Goovaerts, 1999), these maps provide intuitive solutions. Furthermore, 
single component maps offer the possibility to combine and compare 
regionalised variables that differ in nature but that are part of the same 
environmental problem (McBratney et al., 2003). Notwithstanding, 
geochemical data can be considered compositional data if the different 
elements forming a subcomposition are expressed proportionally 
(Pawlowsky-Glahn and Egozcue, 2006; Tolosana-Delgado et al., 2019). 
As a consequence, it is possible to transform geochemical data in 
compositional data to build geochemical maps which represent such 
elements in proportions (McKinley et al., 2016). This methodology is 
being gradually more applied in exploratory geochemistry (Braga and 
Braga, 2020; Sahoo et al., 2020) and in environmental studies (Boente 
et al., 2018; Petrik et al., 2018), as its firm validity for geochemical data 
has been demonstrated. 

Returning to regionalised variables, these are not restricted to the 
concentrations of chemical elements. For example, pollution indices can 
also be calculated to evaluate the degree of soil contamination by PTEs 
point by point, and afterwards be interpolated to build pollution maps 
(Pobi et al., 2020; Santos-Francés et al., 2017). These indices, such as 
Enrichment Factors (Loska et al., 2004) or the Geoaccumulation Index 
(Teixeira et al., 2019), commonly consider one element. However, there 
are other valuable indices for those areas affected by multi-element 
pollution (Wang et al., 2020; Martínez-Guijarro et al., 2019). 

Finally, the influence of the external agents previously mentioned 
can be deduced from the use of all these tools. In this context, additional 
information can be provided by remote sensing technologies (Florinsky, 
1998). Thus, the link between soil pollution and slope, orientation, or 
visibility of the pollution source can be obtained from Digital Terrain 
Models (DTMs) constructed by satellite images or by Light Detection and 
Ranging (LiDAR) devices (Beucher et al., 2017; Vinten et al., 2017; 
Thomas et al., 2016). 

Overall, the main scope of this work is to propose a holistic meth
odology to assess the mobility of PTEs (multi-element pollution) in soils. 
The strategy followed combines the use of tools previously described, 
namely multivariate statistics, geostatistics, pollution indices and the 
influence of geomorphological variables, to provide a novel approach. 
To exemplify this approach, the surroundings of La Soterraña, an old Hg 
mine, were chosen. The soils in this area have been widely studied 
(Matanzas et al., 2017; Larios et al., 2012; Loredo et al., 2006). They 
present a notable level of pollution, mainly attributable to highly toxic 
contaminants (Hg and As), and the features of pollution sources are well 
described (Fernández et al., 2020). The sharp relief of the study area, 

together with the presence of several potential mechanisms of pollutant 
transport, also contribute to the interest of the site as a paradigmatic 
case in which to apply the novel methodology proposed herein. 

2. Materials and methods 

2.1. Description of study area and identification of pollution sources 

In brief, the facilities of La Soterraña in Lena (Asturias, NW Spain, 
Fig. 1) were used for the underground exploitation of Hg and the py
rometallurgical processing of the ores from this mine and others in the 
area (Loredo et al., 2006). The ores exploited were cinnabar (HgS), 
orpiment (As2S3), realgar/pararealgar (AsS) and arsenopyrite (FeAsS), 
originated in a low-temperature hydrothermal process that took place in 
fractured limestones, lutites and sandstones (Loredo et al., 1988). 
Additional information about the geomorphology, vegetation and cli
matic conditions of the site can be found in Matanzas et al., 2017 and 
references therein. 

The pollution in La Soterraña (650 m.a.s.l.) and its surroundings is 
attributable mainly to two sources (Fig. 1). The first consists of two spoil 
heaps of mine waste that was indiscriminately dumped and additional 
minor accumulations of extremely toxic metallurgical waste (see 
Fernández et al., 2020 for details); this waste has a high content of 
sulphide/oxide minerals that are susceptible to react with water and/or 
air. The second source corresponds to several chimneys (up to 13 m 
high), located uphill of the study area, and that released gases from the 
pyrometallurgical plant daily between 1950 and 1974. 

2.2. Sampling design, collection and preparation 

The main pollution sources were located approximately at the centre 
of the study area, (Fig. 1). The sampling campaign is shown in Fig. 1. 
First, a 1 km-radius from the centroid of La Soterraña site was delimited 
for the sampling. We collected 92 soil samples from grasslands within 
the circle and outside the contour of the site. The samples were collected 
in a random fashion. However, certain areas were inaccessible due to the 
challenging topography and dense vegetation and therefore were not 
sampled. 

Each sample is composed of five subsamples taken from each vertex 
of a 1-m edge square and its central point. Samples were collected using 
a stainless steel tool and then stored in plastic bags and transported to a 
laboratory, where they were air-dried to prevent the vaporisation of Hg. 
Afterwards, they were passed through a 2-mm mesh screen and the 
particles below 2 mm diameter were quartered by means of a Jones riffle 
splitter in order to homogenise the soil. Samples were finally ground at 
400 RPM for 40 s in a RS100 Retsch mill, obtaining particles sizes of 
<100 μm. 

2.3. Chemical analysis 

1-g representative sub-samples were sent to Actlabs (ISO-9002 and 
ISO-17025 accredited laboratory in Vancouver, Canada) and analysed 
by means of ICP-MS (Inductively Coupled Plasma - Mass Spectrometry) 
after aqua regia digestion, to determine the total concentration of the 
following 35 elements (detection limits shown in parentheses): Ag (0.1 
ppm); Al (0.01%); As (0.5 ppm); Au (0.5 ppb); B (20 ppm); Ba (0.5 ppm); 
Bi (0.1 ppm); Ca (0.01%); Cd (0.1 ppm); Co (0.1 ppm); Cr (1 ppm); Cu 
(0.2 ppm); Fe (0.01%); Ga (1 ppm); K (0.01%); La (1 ppm); Mg (0.01%); 
Mn (1 ppm); Mo (0.1 ppm); Na (0.001%); Ni (0.1 ppm); P (0.001%); Pb 
(0.1 ppm); S (1%); Sb (0.1 ppm); Sc (0.1 ppm); Se (0.5 ppm); Sr (1 ppm); 
Te (0.2 ppm); Th (0.1 ppm); Ti (0.001 ppm); Tl (0.1 ppm); V (2 ppm); W 
(0.1 ppm); and Zn (1 ppm). Hg (0.01 ppm) was analysed by cold-vapour 
FIMS (Flow Injection Mercury System). Samples were analysed using 
strict quality controls, using five blanks, five duplicates, and ten analyses 
of standard reference materials (internal standards and OREAS45EA), 
which were inserted into the sample sequences, thereby providing a 
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measure of background noise, accuracy and precision. The mean Rela
tive Standard Deviation (RSD) for the trace elements analysed in the 
duplicates ranged between 0 and 2.1 ppm, except for Cu (4.91 ppm) and 
Mn (9.89 ppm). In the case of major elements, Fe (0.028%) and Al 
(0.024%) presented the higher values, while the rest showed RSD below 
0.01%. 

2.4. Univariate and multivariate statistics 

Univariate statistical parameters were calculated for all the PTEs 
analysed to obtain a preliminary perspective of the extent of pollution. 
Additionally, elements were compared with their corresponding Risk- 
Based Soil Screening Levels (RBSSLs) for Asturias (BOPA, 2014), 
which set the official pollution limits. 

Factor Analysis through Principal Component Analysis (PCA) 
allowed grouping of the elements in terms of their nature or anthropo
genic associations (Borůvka et al., 2005). The factor extraction was 
determined by the Kaiser/Gutmann criterion with varimax rotation to 

facilitate the interpretation of the factors by making each variable 
having either large or small contributions to each factor, as suggested for 
geochemical data (Reimann and De Caritat, 2005). Additionally, a Hi
erarchical Cluster Analysis (HCA) was applied to classify the samples. 
This was done using Ward’s algorithm and the Squared Euclidean dis
tance, maximising the variance between groups and minimising it be
tween members of the same group. All the statistical analyses were 
performed using SPSS V.24 software (IBM Corp., 2016). 

2.5. Cartographic tools and geostatistics 

The influence of variables linked to geomorphological or geographic 
features on pollutant dispersal was also studied. In this regard, slope, 
orientation and visibility of pollution sources were considered. The 
representations of these variables were generated in ArcGIS v-10.2.2 
(Esri Inc, 2014), over the basis of a Digital Terrain Model (DTM) pro
vided by the Spanish Instituto Geográfico Nacional (IGN) with a mesh 
resolution of 5 m. The results were integrated with the cluster 

Fig. 1. Location of the 1-km circumference study area in Asturias, NW Spain (43◦11′34′’ N, 5◦50′36′’ W) and location of soil samples, facilities and foci of pollution.  
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distribution addressed in Section 2.3. 
Additionally, the spatial distributions of the main pollutants, namely 

As and Hg, as well as other associated PTEs of concern (Sb and Pb), were 
interpolated by means of Ordinary Kriging (OK) after log-transformation 
to improve the normality of data (Webster and Oliver, 2007). When 
computing the semivariograms, it was decided to assume spatial isot
ropy since the search for preferential directions is one of the focus of the 
study. All modelled semivariograms and interpolations were carried out 
through the official Geostatistical Wizard module in ArcGIS v-10.2.2 (Esri 
Inc, 2014). 

Moreover, a centred-log ratio (clr) transformation (Aitchison, 1986) 
was also applied to a sub-composition with PTEs, as the inclusion of 
major elements (e.g. Al, Fe, Ca, etc.) “dilute” the concentrations of trace 
elements. Thus, this sub-composition, together with Hg and As, 
included: Ag, Ba, Bi, Cd, Co, Cr, Cu, Ga, La, Mo, Ni, Pb, Sb, Sc, Sr, Te, Th, 
Tl, V W and Zn. For the transformation, the software CodaPack (Comas- 
Cufí and Thió-Henestrosa, 2011) was used. Geostatistical maps for Hg, 
As, Pb and Sb were built through Ordinary Kriging too in order to offer 
comparable results. 

2.6. Soil pollution indices and geochemical ratios 

Two integrated indices were used to evaluate the information 
collected. These two indices were calculated for the two main pollutants 
(As and Hg):  

(i) The Modified Pollution Index (MPI) 

Defined by Brady et al. in 2015, this index was originally used to 
determine pollution by heavy metals in sediments (Eq. (1)): 

MPI =

̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅
(
EFaverage

)2
+ (EFmax)

2

2

√

(1)  

where EFaverage is the average Enrichment Factor (EF) for the whole set 
of PTEs in the soil considered, and EFmax is the maximum value of the EF 
for a single element in the soil. In his work, Brady defined 6 classes for 
his MPI index: MPI < 1, Unpolluted; 1 < MPI < 2, Slightly polluted; 2 <
MPI < 3 Moderately Polluted; 3 < MPI < 5, Moderately polluted-heavily 
polluted; 5 < MPI < 10, Heavily polluted; and 10 < MPI, Severely 
polluted. 

Note that the EF is calculated through Eq. (2): 

EFj,S =

[
Cj
Cie

]

S[
Cj
Cie

]

RB

(2)  

where Cj is the concentration of element “j” (As or Hg) in sample “S” and 
in the selected reference background (RB), and Cie is the concentration 
of V, a lithogenic conservative element that is resistant to chemical 
weathering (see Boente et al., 2020 and references therein). RB values 
were taken from the official dataset used for determining the RBSSLs in 
the region of Asturias (Fernández et al., 2018); i.e. As (39.21 mg/kg), Hg 
(0.49 mg/kg) and V (47.43 mg/kg).  

(ii) The Soil Pollution Index (SPI) 

This variable was first defined in Boente et al. (2017). It measures the 
degree of soil pollution at a given point in terms of the legal limits of 
pollution established: 

SPI =

∑ Cj
RBSSLj

N
(3)  

where Cj is the concentration of element j (As or Hg), RBSSLj is the soil 
screening level of element j, and N is the number of pollutants consid

ered (in this study N = 2; As and Hg). 
Both the MPI and SPI are regionalised variables and were determined 

for each of the sampling points. Thus, they were interpolated by means 
of OK. On the other hand, geochemical ratios were determined using the 
concentrations of As, Hg and V, in order to compare the geochemical 
fingerprint between the groups obtained by the HCA. Furthermore, these 
ratios were contrasted with the SPIs described above. 

3. Results and discussion 

3.1. Soil pollution overview 

Previous studies of La Soterraña identified two main sources of 
pollution in the site (Loredo et al., 2006; Matanzas et al., 2017): i) 
mining waste, a dark residue from distilled Hg ore which had been 
dumped in two spoil heaps across the plot; and ii) metallurgical waste, 
mainly flue dust that emanated from five chimneys inside the facility, 
dispersing dust and gasses to the surrounding soils. According to recent 
analyses, the mining waste contains averages of 23,000 mg/kg of As and 
6000 mg/kg of Hg, while the flue dust has 138,200 mg/kg of As and 
33,000 mg/kg of Hg (Fernández et al., 2020). Moreover, As in the flue 
dust presents notable bioavailability (14.8%), with the aggravating 
circumstances of fine grain-sizes and a significant proportion (64.6%) of 
As (III) (see Fernández et al., 2020 for details). 

Topographic results from the DTM representation are shown in 
Fig. 2. This representation allows initial prediction of areas affected by 
the different transport mechanisms (air or water). Thus, the facilities of 
La Soterraña, and therefore the chimneys and spoil heaps, are located 
amid several valleys on the southern side of a mountain, which would be 
the area most susceptible to pollution. However, sample collection also 
covered the northern slope and the water divide. The same figure shows 
surface runoff. In fact, some streams cross the facilities and wash the 
waste present, thereby potentially transporting pollutants to the valley 
below. However, these mountain watercourses are active only during 
certain parts of rainy seasons or snowmelt periods. 

The results of the multi-element analysis of the 92 soil samples are 
shown in Table 1. A high Relative Standard Deviation (RSD) coefficient 
usually reveals the absence of normality conditions in the distribution 
and it is a handicap for geostatistical representation. In this case a high 
RSD was found not only for As and Hg, but also for Ba, Ca, Na and Sb. 
Differences in Ca or Na are explained by the geology of the area (Loredo 
et al., 1988), while the presence of Ba and especially Sb is related to As in 
the geochemistry of the ores (Gallego et al., 2015). The remaining ele
ments, including some rare earths or other PTEs, showed stable con
centrations with low RSDs. 

The maximum concentrations of Hg and As were two or up to almost 
three orders of magnitude above the RBSSLs. Other elements that sur
passed the legal limits at least once were Ba, Pb, Sb and V. However, Hg 
and As were the only elements whose mean concentration notably 
exceeded the limits (more than one order of magnitude). 

To determine the relevance of these Hg and As concentrations, a 
potential geochemical threshold specific for the area was calculated 
through the means of As and Hg contents, respectively, plus two times 
the standard deviation of the data set; after excluding the main outliers 
(eight samples corresponding to percentile 90 of the Mahalanobis dis
tance) (Meeker et al., 2017). The resulting values for the 3.14 km2 under 
study were 631 mg⋅kg− 1 for As and 51 mg⋅kg− 1 for Hg. These values 
were markedly above any international backgrounds or thresholds, and 
specifically those of Asturias (39.21 mg⋅kg− 1 for As and 0.39 mg⋅kg− 1 for 
Hg (Fernández et al., 2018) and the neighbouring region of Cantabria 
(46.18 mg⋅kg− 1 for As and 0.21 mg⋅kg− 1 for Hg (Boente et al., 2020), 
both calculated by the same methodology used here (mean plus two 
times standard deviation). 

The spatial distribution of As and Hg, in addition to others that oc
casionally surpassed RBSSLs (Sb and Pb), was geostatistically mapped 
through OK (Fig. 3). The experimental variograms for log-transformed 
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data (Fig. 4) showed coherent curves, with a nugget effect below 30%, 
even for those elements with the highest spatial variability over shorter 
range values (As and Hg). These values are acceptable for an OK inter
polation. Both logarithmic and clr transformations enable dealing with 
extreme values so, subsequently, none of them was removed. 

With regard to Hg and As (Fig. 3a, 3b), although they showed similar 
distributions, there were noteworthy differences. For instance, As was 
more present around the chimneys. This observation is coherent with 
the fact that Hg was recovered mostly by condensation during the 

pyrometallurgical process (Fernández et al., 2020), whereas As, with a 
higher boiling point, was incorporated mainly into flue dust and 
therefore larger amounts of this PTE were dispersed through the chim
neys than Hg. 

However, Hg (Fig. 3b) showed a lower mobility in this case and was 
more intensely distributed across the plot, specifically around the two 
main foci (chimneys and heaps). Areas below the spoil heaps were more 
affected, thereby evidencing that the washing by surface runoff and 
wind erosion of the heaps contribute to the dispersion of Hg. For this 

Fig. 2. Three-dimensional view of the study area, with the topographic level and the main surface runoffs and water divides. Pollution sources and sampling points 
are included. 

Table 1 
Descriptive statistics for the analysis of 92 soil samples from La Soterraña surroundings and RBSSLs (BOPA, 2014) for Asturias. All units are expressed in mg⋅kg− 1, 
except RSD, which is expressed in %. In bold, PTEs whose mean concentration is notably higher than the RBSSL.  

Element RBSSL Minimum Maximum Mean Median SD RSD 

Hg 1 0.6 860 46 17 138 298 
As 40 22 9920 429 165 1086 253 
Ag 2 0.1 0.2 0.1 0.1 0.02 20 
Al (%) – 0.9 5.0 1.8 1.6 0.7 40 
Ba 1540 55 3370 151 110 341 225 
Bi – 0.1 0.5 0.3 0.3 0.1 20 
Ca (%) – 0.02 23 0.6 0.2 2.5 397 
Cd 2 0.1 1.5 0.4 0.3 0.2 64 
Co 25 1.0 22 11 12 4.6 43 
Cr 10,000 14 63 27 25 10 35 
Cu 55 5.8 85 22 21 12 57 
Fe (%) – 0.7 6.5 3.2 3.2 0.7 22 
K (%) – 0.1 1.0 0.3 0.2 0.1 47 
La – 7 30 14 13 4.5 32 
Mg (%) – 0.03 0.45 0.1 0.1 0.1 71 
Mn 2135 31 2070 554 549 320 58 
Mo 6 0.4 3.6 0.8 0.8 0.4 45 
Na (%) – 0.01 1.3 0.04 0.02 0.1 363 
Ni 65 4.2 55 23 23 11 49 
Pb 70 22 111 42 38 15 36 
Sb 5 0.2 44 1.7 0.8 4.7 280 
Sc – 1.0 10.3 3.7 3.4 1.8 48 
Sr – 16 786 87 50 110 127 
Th – 1.4 9 3.7 3.3 1.8 48 
Ti (%) – 0.001 0.02 0.002 0.001 0.002 111 
Tl 1 0.1 0.7 0.2 0.2 0.1 46 
V 50 20 92 42 40 14 33 
W – 0.1 0.9 0.1 0.1 0.1 77 
Zn 455 26 228 96 94 39 41  
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reason, Hg tended also to reach the valley downstream. These visual 
interpretations are checked analytically in following sections. 

Pb presented a regular distribution, oscillating in stable ranges of 
between 28 and 53 mg⋅kg− 1, revealing that the extreme values in 
Table 1 correspond to punctual disposals and that this element does not 
present other dispersion mechanisms. Finally, Sb showed a fingerprint 
that was practically equal to that of As. This observation is coherent with 
the fact that As and Sb are metalloids that are well correlated (Okken
haug et al., 2012) and tend to move together, and moreover, with 
respect to their mobility, the eastern sector of the study area appeared to 
be the least affected. 

PTEs distribution may be explained attending wind patterns since, 
according to data from MERRA-2 (Modern-Era Retrospective Analysis 
from NASA, Gelaro et al., 2017), winds in the study area (in the last 30 
years) are preferentially northerly from mid-April to mid-September, 
southerly from mid-September to mid-March, and westerly from mid- 
March to mid-April, thus coinciding with the wind directions shown in 
Fig. 3 (Meteoblue, 2021). It must be pointed out that a better approach 
would require local and specific wind measures taken in the decades 
(1950s–1970s) of maximum activity in the mining-metallurgy area 
(Loredo et al., 2006); unfortunately, there is no wind data available from 
that period in the study area. 

Finally, geostatistical interpolations and maps were done for clr- 
transformed data (Supplementary Material, Fig. SM1). Note that 
compositional data represents relative enrichments and, consequently, it 
seems coherent that the distributions of Hg and As in Fig SM1 are similar 

in Fig. 3, since, as previously mentioned, they showed extreme con
centrations in the areas highlighted in Fig. 3 and, therefore, their rela
tive enrichment is higher (as showed in Fig SM1). The same fact can be 
applied for Sb, as it is included in the mineral paragenesis of the ore 
deposit (Loredo et al., 2006). Nevertheless, Pb shows a different map 
(Fig. 3c and Fig SM1.c) with a relative enrichment in the central parts 
and high enrichments in areas where the previous PTEs are not exces
sively enriched. This occurs due to the fact that extreme concentrations 
of an element (e.g. 1554 ppm of As or 485 ppm of Hg within the mining 
facility) overshadow concentrations of elements that are mainly part of 
the background and show a more regular distributions; i.e., the pro
portions of non-pollutants will be higher in areas where the concentra
tion of pollutants (As, Hg) is lower. As a conclusion, compositional data 
analysis is a suitable tool to discriminate pollutants from non-pollutants 
attending to the relative enrichment. 

3.2. Multivariate study: Geographical clustering 

The next stage of the analysis addressed the associations between 
elements. A factor analysis was carried out (PCA and varimax rotation) 
for the multi-element data after a logarithmic transformation of the 
dataset to improve the normality conditions. The results (Table 2) are 
robust and reliable, as shown by a score 0.804 for the Kaiser-Meyer- 
Olkin (KMO) measure of sampling adequacy, the high communalities, 
and 85% of the total variance explained by the factorial solution ob
tained (Kaiser, 1974). 

Fig. 3. Distribution of As, Hg, Pb and Sb obtained by ordinary kriging and wind rose corresponding the last 30 years (Meteoblue, 2021).  
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Factor 1 (F1) presented mainly natural-sourced elements, probably 
related to Fe-Al oxides that are common in the area and lithogenic ele
ments such as V, the conservative element used for calculating the MPI. 
Factor loadings in F2 were led by PTEs present at low concentrations in 
the area (Co, Ni, Zn or Cu) and that are usually linked to carbonated 
rocks with high content of Mg in the Cantabrian Mountains (Boente 

et al., 2020). F3 showed high loads for Na, Ba, K, all alkali elements 
associated with feldspars and clays, without PTEs, thereby suggesting a 
natural source. In contrast, F4 revealed a quartet of the main pollutants 
(Table 2, Fig. 3): Hg, As, Sb and Pb. Finally, F5 was limited to Cd. 

To gain a better understanding of similar geochemical profiles, we 
performed an HCA, and, in general terms, geography clearly influenced 

Fig. 4. Semivariograms obtained for the Ordinary Kriging geostatistical analysis.  
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the HCA results (Fig. 5). Cluster 1 (C1) comprised mainly samples taken 
from the surrounding of La Soterraña site. In contrast, C2 corresponded 
to those halfway between the facilities and the top of the mountain. C3 
presented a wide scattering and predominated mainly across the water 

divide. C4 corresponded principally to samples collected on the northern 
face of the mountain. Finally, C5 included most of the samples located 
beneath the facilities, corresponding to the soils directly affected by the 
surface runoff crossing the spoil heaps. 

3.3. Integration of geochemical, geomorphological and pollution data 

The HCA provided robust information about different profiles related 
to the geographical location. In this regard, to ascertain the geochemical 
differences among them, geochemical ratios were developed (Fig. 5). 
Comparison of the As/V vs. Hg/V ratios (Fig. 6a) revealed a relatively 
similar pollution fingerprint for groups C2 and C3, and for C4 and C5, 
respectively. Regarding the geomorphology of the area, C2 and C3 were 
in the areas with the lowest slope while the other two were from higher 
slopes. In turn, the fingerprint of C1, which corresponded to samples 
nearer the sources of pollution (spoil heaps and chimneys), differed 
greatly. 

The As/Hg relationship (Fig. 6b) revealed that although C2 and C3 
showed the same fingerprint using the ratios above, there were some 
differences between these groups. Samples belonging to C3 were far 
from the pollution sources and showed the lowest pollutant concentra
tions (Table 3), which suggests a more important geogenic influence in 
this group. The pollution indices (see also Table 3) also indicated that 
samples included in C3 showed the lowest level of pollution (Fig. 5c and 
5d). 

Having examined the geochemical behaviour of the pollutants, we 
proceeded to study the interaction of geochemical variables with 
geographical and geomorphological variables (Table 3). 

First, the highest levels of As and Hg pollution found in C1 (the 
samples nearest to the centre of the site) corresponded mostly to areas 
with high slopes (20–45◦) facing S-SW, which in the north hemisphere 

Table 2 
For all the sampling dataset: Factor loadings, percentage of variance explained 
by the Varimax-rotated factors, extracted by principal components and 
communalities.   

F1 F2 F3 F4 F5 Com. 

V  0.892 − 0.004 − 0.075  0.216  0.333  0.959 
Cr  0.878 0.237 0.096  0.150  0.288  0.943 
La  0.855 0.303 − 0.004  0.274  − 0.147  0.919 
Sr  0.794 0.083 0.386  0.186  − 0.033  0.822 
Th  0.782 0.388 0.091  − 0.048  − 0.384  0.921 
Fe  0.643 0.408 − 0.524  − 0.003  0.052  0.857 
Al  0.601 0.297 0.184  0.261  0.506  0.808 
Co  0.298 0.898 − 0.026  − 0.103  − 0.042  0.909 
Ni  0.401 0.869 0.116  − 0.024  0.064  0.934 
Zn  0.211 0.849 0.133  0.142  0.301  0.894 
Cu  0.076 0.843 0.149  0.174  − 0.275  0.845 
Mn  0.187 0.784 0.085  − 0.103  0.160  0.693 
Mg  − 0.170 0.682 0.485  0.039  0.170  0.759 
Na  − 0.039 − 0.031 0.937  0.134  0.046  0.901 
Ba  0.103 0.292 0.896  0.150  0.049  0.924 
Ca  0.099 0.480 0.679  0.144  0.149  0.744 
K  0.448 0.382 0.594  0.331  0.118  0.822 
Mo  0.452 0.011 0.570  0.128  0.324  0.650 
As  0.175 − 0.042 0.092  0.892  0.241  0.894 
Sb  0.155 0.039 0.292  0.891  − 0.006  0.906 
Hg  0.174 0.124 0.156  0.888  − 0.061  0.863 
Pb  0.126 − 0.141 − 0.013  0.732  0.497  0.819 
Cd  0.075 0.236 0.325  0.236  0.749  0.784 
Exp. Variance 

(%)  
40.491 57.287 71.844  79.212  85.091   

Fig. 5. Graphical representation of the hierarchical cluster analysis.  
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implies exposure to sun and therefore Hg vaporisation. Additionally, due 
to the proximity, the visibility of the site from this area is also high. All 
these factors favour the displacement of PTEs, and the high concentra
tions of these pollutants in these soils may affect other areas. 

In C2, the concentration of As and Hg was lower, but the RSD was 

high, thus implying more variability. This is coherent with the greater 
geographical dispersal of samples in this cluster. Samples belonging to 
C2 also face mainly SW-W, and unlike C1, the sources (spoil heaps and 
chimneys) are not visible from the majority of sampling points, and the 
slope is also less than in C1 (10-20◦). This pattern is generally repeated 
in C3, which presents samples with the lowest concentration of Hg. In 
fact, this group is geographically dispersed and most samples are those 
located furthest from the sources, and thus coherent with low Hg 
mobility. 

The samples included in C4 present very stable values (low RSDs), 
with the third highest content of As and Hg. All the samples in this group 
are in the northern face of the mountain, from where the facilities are 
not visible. Therefore, the pollutants may have reached this zone by 
atmospheric deposition, probably through the chimneys given the 
preferential wind direction (northerly) in the summer. 

Finally, C5, including mainly the samples most affected by surface 
runoff, was the second group in terms of Hg and As content, also with 
stable values. Sample in this group were from the area with the lowest 
slope (87% of soils are below a 20◦ incline), thereby indicating that 
downstream plains are polluted in regular proportions. 

Finally, in order to provide a global overview, the MPI, constructed 
through the enrichment factors of Hg and As and its distribution, was 
represented by means of OK (Fig. 7a). Except for the eastern sector, 
which was less affected by winds and was far from the facilities, the 
remaining study area can be considered “severely polluted”, as reflected 
by an MPI score consistently exceeding 10 (Brady et al., 2015). We 
extracted the contour of the central area (namely, “high pollution con
tour”); i.e. the most affected zone, and introduced it into the rest of the 
maps in order to make comparisons (see Fig. 6). 

In contrast, the SPI (Fig. 7b) reveals the most polluted areas based on 
the RBSSLs in force. The results were similar to those of the MPI and thus 
the complete pollution contour defined above emerges as the most 
problematic area from a legal perspective. Thus, priority environmental 
remediation actions should focus on the surroundings of the facilities. 

With respect to geomorphology, Fig. 7c, 7d and 7e graphically 
summarise the relationship between the degree of pollution and the 
slope of the mountain, its orientation, and visibility of the spoil heap and 
chimneys, respectively. Regarding the first parameter, areas with a 
greater slope did not necessarily present a higher degree of pollution, as 

Fig. 6. Geochemical ratios using element concentrations and pollution indices: a) As/V vs. Hg/V; b) As/V vs. As/Hg; c) As/Hg vs. MPI; and d) As/Hg vs. SPI.  

Table 3 
Pollutant content, and geographical and geomorphological features for each 
cluster.     

C1 C2 C3 C4 C5 

Concentrations Hg mean (mg⋅kg− 1) 121 9 5 17 20 
Hg RSD (%) 195 106 82 71 61 
As mean (mg⋅kg− 1) 1059 78 126 240 172 
As RSD (%) 173 111 70 92 65 

% of samples in 
terms of the 
angle of the 
slope  

Tot. 
Samples 
(No.) 

C1 C2 C3 C4 C5 

0.0◦ to 
10◦

13 4 20 21 8 23 

10.1◦

to 
20.0◦

36 14 53 50 23 64 

20.1◦

to 30◦

29 43 27 21 62 9 

30.1◦

to 45◦

14 39 0 7 8 5   

Tot. 
Samples 
(No) 

C1 C2 C3 C4 C5 

% of samples in 
terms of the 
orientation of 
the slope 

N 5 4 0 0 31 0 
NE 6 0 7 7 31 0 
E 1 0 7 0 0 0 
SE 7 4 7 7 0 18 
S 29 43 20 36 0 41 
SW 24 32 27 29 0 32 
W 13 14 27 14 15 5 
NW 7 4 7 7 23 5 

% of samples 
from chimneys 
and spoil 
heaps are 
visible  

Tot. 
Samples 
(No) 

C1 C2 C3 C4 C5 

Visible 51 82 27 50 0 59 
Not 
visible 

49 18 73 50 100 41  
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slope is highly heterogeneous across the study site, alternating flat areas 
(0–8◦ of inclination) and with most soils on a high slope (>15◦), thus 
revealing independence from this parameter. This perspective changes 
when considering orientation. In this regard, we detected a certain de
gree of parallelism between the different faces of the mountain and the 
most polluted contour (predominance of S/SW orientations). For 
instance, the highest MPI values did not reach those of the north-facing 
side of the mountain or those of some protected areas orientated to the 
east. Finally, the visibility study (Fig. 6e) confirmed that the high 
pollution contour is not fully in the visibility range of the chimneys or 
the spoil heap. 

On the basis of our observations, we can infer the following: 1) The 
closer to the spoil heaps, the higher the presence of extremely high 
concentrations of PTEs. In this sense, surface runoff favours the 
dispersion of the PTEs to valleys downstream, whose low slope favours 
the permanence of the pollutants; and 2) The chimneys are the main 
source of pollution for the rest of the study area. The concentrations 
measured are minor, but the problem in this case is the large extension of 
land affected. 

4. Conclusion 

The multivariate study conducted herein offers a novel holistic 
methodology to assess PTE dispersion in soils in areas once used for 
heavy industry/mining activities and presumably subjected to a notable 
influence of geomorphological and climatic variables (watercourses, 
winds, slope, orientation and visibility), which modify the displacement 
of contaminants. 

Our study reveals that practically the entire study area used as a 
paradigmatic example (a 1-km radius around a very highly polluted site) 
is affected by two main sources of pollution (spoil heaps and chimneys of 
a former Hg mining-metallurgy site), and four pollutants found by PCA: 
As, Hg, Sb and to a lesser extent Pb. These results were also assessed 

through CoDa analysis, which is the correct and consistent approach for 
geochemical data. In turn, HCA divided the samples into five groups. 
Those most linked to the spoil heaps showed a clear relationship with 
factors such as slope and the presence of watercourses, evidencing heap 
erosion. In contrast, groups most related to the chimneys showed a high 
correlation to winds, slope orientation, and visibility of pollution sour
ces. Finally, the use of MPI established that those samples whose 
pollutant load is attributed to the spoil heaps are present in a zone of 
reduced size but present extremely high concentrations of pollutants. On 
the other hand, zones associated with the chimneys influence show 
lower concentrations but are larger. Furthermore, our study reveals the 
usefulness of the SPI to identify priority action areas in the context of 
regulatory standards. Overall, geomorphological factors (parametrised 
as slope, orientation and visibility of the pollution sources) affect con
tents and distribution of soil pollutants, and they should be taken into 
account to address comprehensive studies, together with the different 
sources of pollution, the geochemical behaviour of the contaminants 
(high mobility of As and low mobility of Hg in this case), and climatic 
variables (wind, rain, etc.). 

All things considered, the methodology presented herein will be 
useful for scientists and private/public corporations wishing to assess 
the mobility of pollutants and to find the focal point of environmental/ 
health risk in complex polluted sites, and will thereby allow a reduction 
in the time and cost of site investigation and remediation. 
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Fig. 7. a) MPI interpolation through OK; b) SPI interpolation through OK; c) Slope of the soil (◦); d) Orientation of the soil; e) Visibility of the spoil heaps 
and chimneys. 
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Weighted Principal Components Analysis to assess diffuse pollution sources of soil 
heavy metal: Application to rough mountain areas in Northwest Spain. Geoderma 
311, 120–129. https://doi.org/10.1016/j.geoderma.2016.10.012. 

Florinsky, Igor V., 1998. Combined analysis of digital terrain models and remotely 
sensed data in landscape investigations. Prog. Phys. Geogr. Earth Environ. 22 (1), 
33–60. https://doi.org/10.1177/030913339802200102. 

Gallego, J.R., Esquinas, N., Rodríguez-Valdés, E., Menéndez-Aguado, J.M., Sierra, C., 
2015. Comprehensive waste characterization and organic pollution co-occurrence in 
a Hg and As mining and metallurgy brownfield. J. Hazard. Mater. 300, 561–571. 
https://doi.org/10.1016/j.jhazmat.2015.07.029. 

Gallini, L., Ajmone-Marsan, F., Scalenghe, R., 2018. The contamination legacy of a 
decommissioned iron smelter in the Italian Alps. J. Geochem. Explor. 186, 121–128. 
https://doi.org/10.1016/j.gexplo.2017.12.013. 
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