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HIGHLIGHTS

. Geochemical processes causing the As enrichment in groundwaters

. As distribution in groundwater is affected by scale-dependent hydrogeochemical
processes.

. Probability Kriging allowed performing a more accurate mapping of probability

of NBL exceedance.

. Maps based on aquifer-based NBL values can be actual instruments for
contamination risk management.

Keywords:

Arsenic, Aquifer-based NBLs, Groundwater, Water-rock interaction, Probability
Kriging, Calabria region

GRAPHICAL ABSTRACT
Aquifer-based MO As CO-grece Fras Probabilify of NBL
Natural Background Level oo ae 2B excedence (PK)
(NBL) derivation NBL A6 Ot gronsp .1 2T

4% gt )
.

L R
A} i N
. lot | [ —
NEL A B grp r R
213wt ‘,3.“ . ?ﬁix
) ’..triu!
“-_ ;\‘. - :
\ ) 2

i o

NOL A 340 Qriup
4% 0t

NEL Ay CN-grongp
708

"/ — — "\ ' ," a - "1



54

55

56
57
58
59
60
61
62

63
64
65
66
67
68
69
70
71
72
73
74
75

76
77
78
79
80
81

82

83

84
85
86
87
88

abstract

The concept of natural background level (NBL) aims at distinguishing the natural and
anthropogenic contributions to concentrations of specific contaminants, as
groundwater management and protection tools. This is usu-ally defined as a unique
value at a regional scale, even when the hydrogeological and geochemical features of
a certain territory are far from homogeneous. The concentration of target contaminants
is affected by multiple hydrogeochemical processes. This is the case of arsenic in the
Calabria region, where concentrations are definitely variable in groundwater.

To overcome the limitation of a traditional approach and to include the intrinsic
hydrogeological and geochemical heterogeneity into the definition of the natural
contribution to As content in groundwater, an integrated probabilistic approach to the
NBL assessment combining aquifer-based preselection criteria and multivariate non-
parametric geostatistics was proposed. In detail, different NBL values were selected,
based on the aquifer type and/or hydrogeochemical features. Then, these aquifer-based
NBL values of arsenic were used in the Prob-ability Kriging method to map the
probability of exceedance and to provide contamination risk management tools. This
multivariate geostatistical approach that takes advantage of the physico-chemical
variables used in the aquifer-based NBL values definition allowed mapping the
probability of exceedance of As in a physically-based way. The hydrogeochemical
diversity of the study area and all the processes affecting As concentrations in the
aquifers have been considered too.

As a result, the obtained map was characterized by a short-range and long-range
variability due to local hydro-geochemical anomalies and water-rock interaction and/or
atmospheric precipitation. By this approach, the NBL exceedance probability maps
proved to be less “noisy”, because the local hydrogeochemical conditions were filtered,
and more capable of pointing out anthropogenic inputs or very anomalous natural
contributions, which need to be investigated more in detail and properly managed.

1. Introduction

The hydrogeochemical characterization of groundwater bodies is the first step to
investigate and assess water quality status. This information enables policy actions to
be implemented for the reservoirs' protection, the proper management, and the safe
supply of water resources. More than 98% of groundwater solutes derives from natural
processes; however, anthropogenic activities can add minor to large amounts ofions in
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the waters, so modifying their geochemistry and causing pollution (e.g., Huang et al.,
2013; Jiang et al., 2009; Kumar, 2014; Aiuppa et al., 2003).

Among polluting elements, arsenic (As) is one of the most monitored elements
worldwide due to its harmful effects on human health and environmental ecosystems
(IARC, 2012).

Based on these peculiarities the World Health Organization (WHO) has fixed 10 pg/L
as threshold value for drinking water (WHO, 2017 and reference therein). The As
content in the groundwaters may vary in a wide range of concentrations (<0.05-5000
ug/L) occurring as a trace element in many rocks and derived soils (Smedley and
Kinniburgh, 2002), or conversely at high concentrations in arsenic-rich pyrite
(Fe(As,S),) and arsenopyrite (FeAsS) (e.g. Tisserand et al., 2014; Pfeifer et al., 2007).
However, the mixing with As-rich geothermal waters and the desorption of As species
from Fe(Ill)-oxy-hydroxides (HFO) under alkaline or reducing conditions can also
affect arsenic mobility (Ravenscroft et al., 2009).

Although the concentration of this element is strictly related to hydrogeochemical
processes taking place in different kinds of aquifers, As can enter groundwater through
a by-product of anthropogenic activities such as the agriculture, mining and chemical
industry (L1 et al., 2021). Determining the sources of pollution, is fundamental for
planning mitigation or remediation actions. The first step is defining the natural
background levels (NBLs) and the origin of solutes to accomplish this task.

The concept of NBLs was initially applied in geochemical exploration for
distinguishing among natural concentrations and anomalies due to ore occurrence or
anthropogenic input (Hawkes and Webb, 1962). Nowadays, NBLs represent “the range
of concentration ofa given element, isotope or chemical compound in solution, derived
entirely from natural, geological, biological or atmospheric sources, under conditions
not perturbed by anthropogenic activity” (Edmunds and Shand, 2008). For
groundwater bodies, NBLs depend on the atmosphere and rainfall com-position, water-
rock interaction, chemical, and biological processes in both vadose and saturated zone,
interactions with other water bodies, residence time, and dissolution rate (Edmunds and
Shand, 2008; Appelo and Postma, 2005; Wendland et al., 2005; Marini, 2006; Critelli
et al., 2014; Palmucci et al., 2016a, 2016b; Rusi et al., 2018).

In the last decades, the concept of NBL and natural origin pollutants has been the

subject of International water management policies (e.g., the European Water

Framework Directive - WFD 2000/ 60/EC, and Groundwater Directive - GWD

2006/118/EC). In fact, NBLs are commonly used to define the threshold values, to

which the above mentioned policies refer to establish the actual chemical status of

aquifers (Quevauviller, 2005; De Caro et al., 2017; Marandi and Karro, 2008; Miiller
4
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et al., 2006). Accordingly, groundwater bodies have to be examined in detail through
field investigation and chemical monitoring.

From amethodological point of view, the EC Working Group on Groundwater, through
the BRIDGE project (Background CRiteria for the [Dentification of Groundwater
thresholds—BRIDGE 2006), defined two approaches for NBLs derivation: (i)
statistical elaboration of data from different countries for the same type of aquifer, and
(i1) use of pre-selection criteria which exclude contaminated samples based on
anthropogenic indicators.

In literature, NBL assessment of a pollutant is performed using both approaches (e.g.
Rahman et al., 2021, Gao et al., 2020; Panno et al., 2006; Matschullat et al., 2000;
Parrone et al., 2019; Sellerino et al., 2019; De Caro et al., 2017), even though the
probability distribution approach was widely used (e.g. Preziosiet al., 2014). However,
defining differentiated NBLs, as a function of the main occurring water-rock
interaction processes, remains a priority aspect (e.g. Preziosi et al., 2010; Wendland et
al., 2005; Edmunds et al., 2003).

For instance, Ducci and Sellerino (2012) adopted the preselection criteria approach,
merging those of ISPRA Protocol (ISPRA, 2009) and BRIDGE Project to assess the
NBLs of some solutes, including As, in some groundwater bodies of the Campania
region (Southern Italy). Preziosi et al. (2010) have assessed the NBLs for some
pollutants, including As, in central Italy's groundwater bodies adopting the BRIDGE
preselection criteria with modifications, stressing the relevant role played by
hydrogeological/hydrogeochemical knowledge. Thus, the geo-knowledge of water
bodies plays a key role in the accurate determination of NBLs, mostly in articulated
geological settings like those of Calabria Region (Southern Italy), where As
contamination was already revealed (Apollaro et al., 2003; Figoli et al., 2020).

Besides representing reference values for groundwater quality assessment and aquifer
classification, accurate NBL values are also used in risk analysis of groundwater
pollution caused by anthropogenic activities. Risk assessment usually requires a
probabilistic approach due to the intrinsic uncertainty of the considered variables and
the limited number of data generally available (Castrignano et al., 2008; Manzione et
al., 2021). It consists of recording the spatial occurrence with which specific criteria
are met or not met and then mapping the exceedance probability (Dowd and Pardo-
Iguzquiza, 2002; Passarella et al., 2020).

To delineate areas at equal risk of aquifer degradation, several re-searchers have dealt

with the NBL exceedance probability and used geostatistical techniques based on the

Regionalized Variable Theory (Matheron, 1971). The most common approach to

exceedance probability mapping is Indicator Kriging (IK), a univariate non-parametric
5
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technique that estimates the probability distribution by interpolating a binary indicator
variable (Ducci et al., 2016; Avila-Sandoval et al., 2018; Sellerino et al., 2019; Parrone
et al., 2020). Dalla Libera et al. (2018) adopted a multivariate approach to exceedance
probability mapping of arsenic by applying Indicator Co-Kriging to different indica-
tor variables corresponding to distinct NBL thresholds, in order to im-prove the
probability prediction. Other Authors used more advanced geostatistical methods, such
as Bayesian Kriging (Molinari et al., 2019) or Stochastic Simulation (Guadagnini et
al., 2020), with arsenic and ammonium concentrations.

All the previous scientific contributions to the topic of NBL exceedance probability
mapping took into account spatial autocorrelation. However, none considered the
essential role of the hydrogeochemical processes by assessing the impact of physico-
chemical variables (i.e., covariates) on the concentration of certain elements (i.e.
pollutants) in groundwater. To this end, exceedance probability can be predicted with
Probability Kriging (PK), anon-parametric multivariate technique (Journel, 1989; Carr
and Mao, 1993), which uses auxiliary variables to improve probability estimation in
the considered domain. PK has proved to perform better than IK in probability mapping
(Juang and Lee, 2000; Adhikary et al., 2011; Shaddad et al., 2020), but the choice of
auxiliary information is crucial.

In the light of the previous considerations, this research is aimed at: (1) defining a
differentiated NBL of arsenic in the Calabria Region aquifers, based on a combined
approach obtained by integrating prese-lection criteria method with probability
distribution approach, (2) map-ping the local NBL exceedance probability taking into
accountall the variables used in the preselection stage with Probability Kriging, which
will be compared to a univariate approach (Indicator Kriging), to assess the impact of
ancillary information.

2.  Geological and hydrogeological setting

The Calabrian Peloritan Orogen (CPO) represents a fragment of the European margin
that, during the Europe-Apulia collision (Oligocene-Early Miocene), overthruston the
Maghrebian-Sicilian and Appennine thrust-and-fold belts (Cirrincione et al., 2015).
The CPO has been formally divided into two sectors (Northern and Southern) separated
by a strike-slip tectonic line localized in the Catanzaro trough's proximity (Boccaletti
et al., 1984; Tansi et al., 2007). Different paleogeographic evolutions characterize the
sectors during the middle of the Miocene. In particular, the Northern one is
characterized by the superposition of three major structural elements (nappe pile)
identifying different paleogeographic domains.
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Fig. 1. Simplified hydrogeological map of Calabria region. (Modified by Tripodi et al. (2018) and
Apollaro et al. (2019a)).

The lower Apennine Unit (Trias-Miocene) consisting of Mesozoic calcareous
sedimentary and calcareous metasedimentary successions (lannace et al., 2007). These
lithotypes are generally very fractured, be-cause of their syn- and post-orogenetic
tectonic evolution. In these de-posits, dissolving rainwater's action tends to expand and
improve the network of pre-existing fractures favouring the development of karst
phenomena. This domain represents a vast reservoir in which water circulation is

conditioned by the geometric relationships with the sur-rounding geological units and
7



209
210
211
212

213
214
215

216
217

218
219
220
221
222
223
224

225
226
227
228
229
230
231
232
233
234
235
236

237
238
239
240
241
242
243

the well-developed inner structural discontinuities. Due to its peculiar hydrogeological
characteristics, it represents the wide “carbonate-dolomitic complex™ (CD-group in
Fig. 1), one of the primary sources of drinking water supplies in South-ern Italy
(Allocca et al., 2007).

The intermediate Alpine Liguride Unit (Liberi and Piluso, 2009; Bloise et al., 2009,
2017) comprises Cretaceous-Paleogene metapelites-ophiolitic-carbonate assemblage
(Tithonian-Neocomian).

The Calabride Unit is constituted by Hercynian and pre-Hercynian gneiss, granite, and
metapelite (Van Dijk et al., 2000).

From a hydrogeological point of view, the Calabride and Liguride Units are similar.
These complexes are characterized by a less important hydrogeological system than
the carbonate-dolomitic complex. They show a very complex hydrogeological asset in
which porous shallow aquifers, identified in the weathered profile, coexist, and interact
with the intermediate aquifer, represented by the fissured rock basement. In these
aquifers, groundwater circulation and recharge are mainly conditioned by rock
alteration, varying according to the depth and fracturing degree.

The southern CPO sector includes the Serre, the Aspromonte, and the Peloritani
massifs. At the south of'this sector, the following structural elements can be recognized
(Tortorici, 1982): (a) Longi-Taormina Unit including schists with intercalations of
quartzites, metarenites and metalimestones (Tortorici, 1982); (b) Mandanici Unit
which mainly consists in Hercynian Paleozoic phyllite sequence (Pezzino et al., 2008),
(c) Aspromonte Unit comprising amphibolite facies metamorphic rocks intruded by
peraluminous granites (Cirrincione et al., 2008); (d) Stilo Unit made up of low
greenschist to low amphibolite—facies Hercynian Paleozoic rocks, intruded by late-to-
post-orogenic plutonic body (Pezzino et al., 2008). Together with the Calabride Unit
of northern Calabria, these units can be incorporated into the “crystalline-metamorphic
complex” (CM-group in Fig. 1). In con-trast, the alpine Liguride Unit represents the
ophiolite complex (Oph-group in Fig. 1).

The sedimentary rock complex represents other important complexes and the two main
complexes (carbonate-dolomitic and crystalline-metamorphic). These complexes
include the porous-quaternary aquifers representative of the alluvial and coastal plains.
The aquifers' high interest mainly correlates with the high groundwater request for
anthropic activities (Vespasiano et al., 2015a, 2016). These terrains constitute
continuous/heterogeneous and anisotropic aquifers, the most represented in the
Calabrian Region's outcrop (Allocca et al., 2007).
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The evaporite complex is a minor but important hydrogeological complex in Calabria
region because of the pronounced geochemical im-print on the water chemistry leave
by the high solubility of evaporite rocks, even where they directly don'tcrop up to the
surface.

The sampling sites fall into the main recognized hydrogeological complexes, exploited
to regional water supply (Fig. 1). Each sampling point's chemical composition is linked
to water-rock processes in each investigation area.

3.  Materials and methods
3.1. Sampling and chemical analysis

536 water samples distributed throughout the Calabria region were collected and
analyzed for major components and arsenic con-tent. The sampling and analytical
methods were already described in previous works (e.g. Fuoco etal., 2021; Apollaro et
al., 2020, 2021). However, a brief description is reported to make the paper self-
consistent. In the field, the labile parameters like pH, temperature (T), redox potential
(Eh), electrical conductivity (EC), were deter-mined with a previously calibrated
multiparametric probe. In contrast, total alkalinity was measured with the acidimetric
titration method using a micro-dosimeter, HC10.05 N as the titrating agent and methyl
orange as the indicator.

Four aliquots for each sampling point were collected, filtered in the field via a 0.45 um
pore-size membrane filter and acidified using the addition of pure acid (1% HNO),
except the aliquots for the determination of anions which were stored without further
treatment. The concentrations of major cations and anions (Na*, K*, Mg?*, Ca**, F-
,Cl-, SO4%, and NOj-) were determined with high-performance liquid chromatography
(HPLC, Dionex DX 1100), while the concentration of Si02 was measured using VIS
spectrophotometry. Arsenic content was determined with a quadrupole inductively
coupled plasma-mass spectrometer (ICP-MS, PerkinElmer/SCIEX, ELAN DRC-¢)
with a collision reaction cell capable of reducing or avoiding the formation of
polyatomic spectral interferences. Data quality for major ions was evaluated with
charge balance (+10%), while NIST 1643f standard reference solution was taken into
account for arsenic analysis accepting a deviation from certified concentration below
the £10%.

3.2. Aquifer-based NBL derivation
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Based on acquired hydrogeological and chemical knowledge, the whole dataset was
split into six sub-datasets, corresponding to the main hydrogeological complexes they
fall, except for the thermal waters group, interacting with a different type of lithotypes.
The sub-datasets are the water belonging to: (i) the crystalline-metamorphic rock
complex (CM-group), (ii) the ophiolite rock complex (Oph-group), (iii) the calcareous-
dolomitic rock complex (CD-group), (iv) the sedimentary rock complex (Sed-group),
(v) the evaporite rock com-plex (Ev-group) and (vi) the thermal waters group (Th-

group).

The Oph-group and the CM-group were treated separately due to the different
mineralogical assemblage which constitute the involving rocks. Considering each
water group's chemical features, specific prese-lection criteria were adopted to exclude
the samples influenced by anthropogenic pollution. Indeed, BRIDGE's preselection
criteria (Miller et al., 2006) were adopted with modification based on groundwater
bodies' peculiarities. The used preselection criteria are the following:

I. ion balance was set <10% for all groups;

2. NOs concentration was set <10 mg/L for all groups except for the Ev- and Th-
groups. For the latter, the threshold was increased to 50 mg/L since the nitrate salts
could occur in evaporite deposits and they could be leached during the water-rock
process (e.g. Holloway and Dahlgren, 2002);

3.  the samples belonging to the Ev- and Th-groups characterized by NaCl >1000
mg/L were not removed;

4.  the few samples characterized by a negative Eh were not separated from those
of oxidizing aquifers. Although arsenic is a sensitive redox element, no significant
correlation was observed between redox potential and As concentration in the studied
samples (see Table 3a). Moreover, the waters representing the reducing aquifers in each
group were statistically not representative.

All datasets contained values below the limit of detection (LOD). To allow their
statistical processing, the arsenic values below the LOD were substituted through the
“Simple substitution Method” with half ofthe LOD (US EPA, 2002). Furthermore, an
outlier test was also performed to identify the not representative samples in each water
group using the software ProUCL v. 5.1 (Singh and Maichle, 2015). Once deleted all
samples potentially influenced by anthropogenic activities, the possible presence of
two or more data populations, linked to different natural sources, can be identified.

In this study, the partitioning method proposed for the first time by Sinclair (1974) was
applied for identifying the overlapping of more populations in a single water group. In
the past, the method has been successfully used in geochemical mineral exploration

10
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(Sinclair, 1974, 1991) for separating the baseline concentration to the “anomalies”,
which represented the ore deposits.

Inflexion points on cumulative probability plots can recognize the different
distributions belonging to two or more populations. This is be-cause, in cumulative
probability plots, the values ofa single normally or lognormally distributed population
will form a straight line. In contrast, the overlapping of two or more populations will
appear as a curved line with one or more inflexion points representing the populations'
thresh-olds (Panno et al., 2006). Once the thresholds are identified, the populations can
be separated.

The partitioning method was applied separately to the individual group of waters, and
in some cases, two or more populations were identified. Generally, NBLs is defined as
a percentile of the dataset distribution, between 90th and 97.7th percentile, according
to the available data quality (Miiller et al., 2006). In this study, the NBLs of arsenic
were set at the 95th percentile of each specific water group's most representative
probability distribution model.

3.3. Data analysis
3.3.1. Co-Kriging

Since As concentrations in the Calabria region aquifers are strictly related to water-
rock interaction processes as well as to specific physico-chemical conditions, the
estimation of the spatial distribution of As throughout its territory should be conditional
to other hydrogeochemical variables, such as the main ions (i.e., Na*, K*, Ca?*, Mg?*,
Cl, HCOs, and SO4*) and some physico-chemical properties (i.e., temperature,
electrical conductivity, pH, and redox potential) of groundwater. For this purpose, the
multivariate Co-Kriging method (CK) was preferred to the univariate approach
(Wackernagel, 2003; Webster and Oliver, 2016, 2019; Di Curzio, 2019; Vessia et al.,
2020a). LMC is then modelled as a linear combination of NS variogram models (gu),
standardized to the unit sill for each spatial scale u:

Ns
rth) =3 Bg"(h) (1)
u=1

where N is the number of variables, I" (h) is an N x N matrix of direct variograms and
cross-variograms, and Bu is a symmetric matrix of sills of the spatial structures g'(h)
at each spatial scale u, while h is the lag vector. The CK system uses the estimated
LMC to calculate the weights A, to estimate the target variable (zip* (X¢)) in each node
of theregular interpolation grid with mesh size of 2500 m overlapping Calabria region:

11
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where X 1s the position where the target variable is estimated, zi(x,) are the observations
in a neighbourhood ofx, and I and a are the variable and position indices, respectively.
Besides estimation (Eq. (2)), CK provides the estimation variance (c6%(X¢)) as a
measurement of uncertainty. With CK outcomes, it is possible to calculate the lower
(LL, Eq. (3)) and upper(UL, Eq.(4)) limits of the 95% confidence interval of the
estimated value (z(x)):

1.96 + o
LL =2z (x)— (3)
/ '-.,-"Iﬂ =
UL = 2 (x) 4 22049 (4)
v IN

However, it is worth underlining that CK is the best linear unbiased predictor, i.e. with
the minimum mean-squared prediction error, when estimation is linear in the data (Eq.
(2)), which means that weights A, do not depend on the values zi(xa). When the data
follow a multivariate Gaussian distribution, an estimation can be assumed linear, but
for other distributions, the assumption of optimality may be a quite poor approximation
(Schabenberger and Gotway, 2005). Statisticians solve the problem by transforming
the data into a Gaussian distribution and then performing analyses with the transformed
data. Thus, a highly skewed variable as As needs to be transformed into a Gaussian
variable if one of the objectives is also the estimation of uncertainty and the chosen
approach is parametric. To perform this transformation, the Gaussian Anamorphosis
function (GA) has been used, which can converta Gaussian variable (Y) into a variable
with any distribution (Z = ®(Y)) by a Hermite polynomial expansion (Chilés and
Delfiner, 2012):

DY) = > WiH(Y) (5)

where H;is Hermite polynomials and ¥; coefficients.

By inverting the GA (Y = ®—1(Z)), a non-gaussian variable can be transformed to a
gaussian one, to be submitted to geostatistical analysis.

Fitting of LMC allows, among other things, the estimation of spatial cross-correlation
functions between pairs of variables (i.e., cross-variograms), in particular between the
target variable (i.e., arsenic) and the auxiliary variables, which enable getting a deeper
insight into the hydrogeochemical processes influencing the As content in groundwater.

12
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Accordingly, for each spatial structures gv(h) at each spatial scale u, codisperison
coefficients (p;i) can be calculated using the following equation:

bj

AT
\ bji hj i

u

F]i|

(6)

For each spatial scale u, the equation considers the partial sills of the pair of direct
variograms (i.€., b and b;*) and of the corresponding cross-variogram (b;). It appears
clear that codispersion coefficients, as defined in Eq. (6), can be seen as scale-
dependent correlation between two variables.

After applying CK, the maps of both the Gaussian As estimate and its 95% confidence
interval limits were back-transformed through the GA into maps with the original units

(ie., pg/L).

3.3.2. Indicator and Probability Kriging

Geostatistical estimation of the probability of exceeding a certain threshold (zg,) 1s
based on a simple binary transformation (Journel, 1989). In more detail, a numerical
variable (z(x,)), describing a property ofthe selected study area (e.g., the concentration
of an element in groundwater) at the observation point x,, is transformed into a binary
variable, called indicator variable (i(Xq; Znr)), as follows:

1 i 2(Xe) 22,

'Z1 0 otherwise )

(Xes Zipr
The binary variable is 0, if the numerical values lie below the selected threshold, and 1
if the threshold is exceeded. In the case of the As con-centration in groundwater, the
threshold value is represented by the NBL, either the unique or the local aquifer-based
one (see Section 4.1).

The spatial probability estimation performed with Indicator Kriging (IK) is based on
the following univariate estimator (1 *(Xo; Znr)):

i (Xo: Zenr) = Z Mo Xo: Zenyr ) (X Zpyr ) :8}'
a=1

where A, represents the weight assigned to the indicator datum (I (Xq; zwr)) falling
within the interpolation neighbourhood. The weights are calculated through an
equation system that uses the variogram model of the indicator variable (yi(h; zu,)):
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f =1

where xa 1s the sampling location and N(h) is the number of indicator value pairs at
sampling locations separated by a distance vector (lag)h.

A univariate approach, such as IK, considers only one groundwater attribute. To
consider the effect of the processes involved in the As release in aquifers, Probability
Kriging was applied (Journel, 1989; Carr and Mao, 1993), representing an
enhancement of IK because it uses multivariate data set to improve the estimation of
the exceedance prob-ability. Since the indicator variable is binary, taking the values 0
or 1 (Eq. (7)), all the numerical auxiliary variables need to be converted into variables
ranging between 0 and 1 with uniform distribution (k(x,)) through arelative rank order
transformation:

M Xe)

K(Xe) = (10)
where r(x,) € (1,N) is the rank with data in increasing order, and N is the total number
of the sampling locations (X).

Like CK, PK requires constructing a LMC of direct and cross-variograms of all
variables, including indicator and relative rank trans-form variables (Eq. (1)). In PK,
the probability of exceedance is then estimated as follows:

n
i’ (X0: Zine ) = Z Na (X0: Zthr ) i{}{u: Zipyr )

=1
nj

Lt
+ 303 Vo j(Xo: Zen) Kj(Xa) (11)

i=1 =1

where the number of observations for indicator and relative rank transform variables
within the interpolation neighbourhood of x, are given by n and nj, respectively; ny is
the number of the considered auxiliary variables in addition to As; A, and v, ; are the
weights assigned to indicator and relative rank transform variables, respectively.

3.3.3. Model performance evaluation and approach comparison

To compare univariate (i.e., Indicator Kriging) and multivariate (i.e., Probability

Kriging) methods to map the exceedance probability applied to both unique and

variable NBL values, cross-validation has been applied (Vessia et al., 2020b). In detail,

the observations has been removed sequentially one at a time from the dataset and then

each one was estimated at the sampling location, using the remaining part of the data
14
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and the model under evaluation. The following statistics were calculated on the errors
(i.e., the differences between experimental (z;) and estimated (z*) values): Mean Error
(ME), Root Mean Squared Error (RMSE), Mean Standardized Error (MSE) and Root
Mean Squared Standardized Error (RMSSE). In MSE and RMSSE, the CK standard
deviation is used for standardization. The equations of these statistics are shown below
with their optimal values:

R R .
ME =HZ|:“' —2;)—=0 (12)

. M
RMSE = \J%X{Zi-_zi_]_,ﬂ (13)

=1

1 N Zf-?’.i )
MSE:EZ( 5 )—-n (14)

i=1

1=1

N o 2
Z.—2Z
RMSSE J%E:( — ‘) -1 (15)

Based on these model performance evaluation statistics, estimation is considered
unbiased when ME and MSE are close to zero, precise when RMSE is also close to
zero and accurate when RMSSE tends to one (Cressie, 2015).

All geostatistical analyses were performed with Isatis software(Geovariances, 2018).

4.  Results and discussion
4.1. Hydrogeochemical characterization and NBLs assessment

The whole dataset was composed of 536 water samples characterized by different
chemical compositions due to the water-rock interaction processes occurring in each
investigation area. The EC values of groundwater range between 13 and 13190 uS/cm,
with an average value of 550 uS/cm and a median of 281 uS/cm, while the average pH
value is 7.12 (range 5.0-10.4). The waters show temperature values ranging from 4.3
to 38.4 °C and predominately oxidizing redox conditions (min. -266 mV; max 594 mV;
median, 165 mV). The Total Ionic Salinity (TIS) values range between 0.59 and 366.72
meq/L, with an average of 11.73 meq/L and a median of 5.14 meq/L (Table S1,
Supplementary material). Based on the average of the main cations and anions, Ca is
found as the predominant cation, followed by Na > Mg > K, while HCO; appears as
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the dominant anion, followed by SO4> Cl > NOs> F. As concentrations range from
0.01 to 435 pg/L with the highest anomalies located in restricted areas of the region,
possibly related to local hydrogeological features (Table 1). The 95th percentile of non
parametric distribution, was equal to 6.55 pg/L, and this value was set as
undifferentiated arsenic NBL. Due to the heterogeneous hydrogeological setting and
the different types of rocks affecting water-rock interaction processes, the
determination of differentiated NBLs was essential to correctly assess the water quality
depending on the type of aquifer. Based on the groundwater attributes and
hydrogeological considerations, differentiated preselection criteria were chosen, and
applied to derive appropriate NBLs.

4.1.1. Crystalline-metamorphic waters group (CM-group)

The CM-group consists of 337 water samples originating mainly in the Sila Massif,
Serre Massif, and Coastal Chain (see Fig. 1). The whole group of waters shows a
median pH value of 6.9, a median temperature value of 12.6 °C, and oxidizing redox
conditions (median Eh value of 177.3 mV) prevail (Table 1). Electrical conductivity
(EC) ranges from 13 to 1245 puS/cm with a median value of 194.2 uS/cm, pointing out
that this group includes samples characterized by different evolution grade due to
different times of water-rock interaction. Indeed, Total Ionic Salinity (TIS) of waters
ranges from 0.6 to 19.6 meq/L (Fig. 2¢). Based on the triangular plots of major anions
and major cations (Fig. 2a, b), 165 ofthe available 337 groundwater samples from CM -
group can be attributed to the Ca-HCO; chemical type followed by Na-HCO; (110
samples), Na-Cl (33 samples) and Mg-HCO3 (23 samples) hydrochemical facies (Fig.
2a, b). These compositions reflect the typical groundwater evolution (Apollaro et al.,
2019a) from shallow to deep crystalline-metamorphic aquifers:

MNaCl {low TIS value ) —=NaHCOy (low TIS value}—CaHC O
—MNaHCOy (high TIS value)
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Fig. 2. Triangular plots of (a) major cations and (b) major anions obtained from
concentrations in equivalent units for the crystalline-metamorphic water group (CM-
group); (¢) correlation diagram of SO4 vs. HCOs + Cl reporting the iso-salinity lines;
(d) probability plot of As concentrations (png/L) and partition of the distributions in log-
normal populations. This figure illustrates all the elaborations performed for each
group of waters, to define aquifer-based NBL values (Figs. S1-S5, Supplementary
material).

The remaining 1% of the dataset comprises few waters ascribable to the Na-Ca-Mg-
SO4 and Ca-Cl chemical facies.

The As concentrations of the waters belonging to the CM-group vary widely, from 0.01
to 435 pg/L (median value of 0.13 pg/L) (Table 1).

Once applied to the preselection criteria (see Section 3.2), the dataset appeared non-
normally and non-lognormally distributed (Shapiro-Wilk, Kolmogorov-Smirnov tests).
Multiple populations were highlighted by using the cumulative probability plot shown
in Fig. 2d and applying the partitioning method (Sinclair, 1974). In this group of waters,
two thresholds of concentration (inflexion points) and three sample populations (Popl,

Pop2 and Pop3) were identified (Fig. 2d). The two thresholds were set at 23.62 and
17



504
505
506
507
508
509
510
511
512
513
514

515
516
517
518
519

520
521
522
523
524

525

526
527
528
529

530
531
532
533
534
535
536
537
538
539
540

0.43 pg/L. The higher threshold was interpreted as the lower boundary for
groundwaters interacting with localized As-bearing mineralization (Pop 1). This
population is characterized by high As concentrations ranging from 23.62 to 435 pg/L.
These high arsenic concentrations are a peculiar characteristic of the shallow
groundwaters circulating in a restricted area of the Calabria region, representing an
unexplored mineralized spot. Indeed, these samples were collected in a small basin
located in the southern sector of the Sila Massif (Catanzaro province). Figoli et al.
(2020) reported some analyses of the rocks outcropping in this area, showing the
presence of pyrite containing variable arsenic concentrations (200-1100 mg/kg).
Moreover, a consistent amount of arsenic often appears associated with adsorbed
species onto secondary minerals.

The lower threshold (0.43 ug/L) was interpreted as the upper bound for groundwaters
whose As concentrations originate mainly from atmospheric inputs (Smedley and
Kinniburgh, 2002; Gallo et al., 2017). In other words, the As concentrations
characterizing this population (Pop3, 0.01-0.43 pug/L) are not related to the water-rock
interaction processes.

The log-normal distribution of Pop2 shows arsenic concentrations ranging from 0.43
to 14 pg/L, which can be related to a widespread and not predictable occurrence of As-
sulphides into the basement (Bonardi et al., 1982). Based on these considerations, the
95th percentile, 7.08 pg/L, was set as the natural background level of arsenic for the
crystalline-metamorphic aquifers of the Calabria region (Table 2).

4.1.2. Ophiolite waters group (Oph-group

The Oph-group consists of 41 water samples from limited areas of the Calabria region,
mainly located in the Coastal Chain and Mount Reventino area (Southern Sila Massif)
(see Fig. 1), where crops up the ophiolitic sequence, mainly including metabasalts,
serpentinites, epimetamorphic phyllites and quartzites (Alvarez, 2005).

The considered waters show a median pH value of 7.4, a median temperature value of
13.8 °C and predominantly oxidizing redox conditions (median Eh value of 178 mV).
The EC and TIS values vary between 91 and 1780 puS/cm (median EC value of 360
uS/cm) (Table 1), 1.3 and 23.7 meq/L (median TIS value of 8.9 meq/L, Fig. S1,
Supplementary material), respectively. The main chemical types are represented by Ca-
HCO; (24 samples) and Mg-HCOs (15 samples) compositions (Apollaro et al., 2019b)
whereas, the two samples belonging to the Na-Cl and Na-HCO; represent low evolved
waters (Fig. S1, Supplementary material). In this geological setting, Mg-HCO;
composition is typical of the waters interacting with serpentinite rocks (Fuoco et al.,
2020; Apollaro et al., 2021). The Ca-HCO3 chemical composition could be controlled
by the dissolution of Ca-rich phases forming the metabasalts (Apollaro et al., 2011;
18
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Critelli et al., 2015). Generally, these rocks can contain a variable amount of arsenic,
for instance, 0.4-45 mg/kg, 0.5-143 mg/kg, 2.2-7.6 mg/kg for greenstones, phyllite/
slate and quartzite, respectively (Smedley and Kinniburgh, 2002), which can be
released during the water-rock interaction processes.

The As concentrations of considered waters range from 0.01 to 5.97 pg/L (Table 1) and
appear as a population lognormally distributed (Fig. S1), whose 95th percentile, 2.45
ug/L, was set as the natural back-ground level of arsenic for the ophiolitic aquifers of
the Calabria region (Table 2).

4.1.3. Calcareous-dolomitic waters group (CD-group)

The CD-group consists of 37 water samples falling mainly in the Pollino Massif
(northern sector of the Calabria Region) (see Fig. 1). The considered waters discharge
from limestones, dolostones, chert-bearing limestones and marly limestones (Apollaro
et al., 2021), representing the main aquifers for drinking water supplies in Calabria
(Allocca et al., 2007).

The whole dataset shows a median pH value of 7.7, amedian temperature value of 11.4
°C and oxidizing redox conditions with the median Eh value 0f56.2 mV (Table 1). The
EC values range from 122 uS/cm to 660 uS/cm (median EC value of 369.5 meq/L),
whereas the TIS values vary between 3.4 and 14 meq/L (median TIS value of 8.2
meq/L). These waters are ascribable to the Ca-HCO3 hydrochemical facies (Fig. S3),
representing the typical composition of the carbonate aquifers. However, some samples
appear shifted towards the magnesium (Mg) vertex, pointing out the control of the
dolostones' magnesian component (Apollaro et al., 2021). Generally, limestones and
dolostones contain a low concentration of arsenic. Some authors quoted their As
content in the range of 0.1-21.1 mg/kg (Smedley and Kinniburgh, 2002; Adriano,
2001), which can be released during the water-rock interaction processes. The waters
interacting with these rock types show As concentrations between 0.01 and 5.97 pg/L
(Table 1)and appear as a single population lognormally distributed (Fig. S3). The 95th
percentile of this distribution, 1.11 pg/L, was set as the natural background level of
arsenic for the calcareous-dolomitic aquifers of the Calabria region (Table 2).

4.1.4. Evaporite waters group (Ev-group)

The Ev-group consists of 31 water samples falling mainly to the northern part and on
the eastern side of Calabria Region (see Fig. 1).
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The pH values are in the range 6.5-8.0 and the median temperature value is 16.5 °C
(Table 1). The EC values range from 798 puS/cm to 4325 uS/cm (median EC value of
1035 meq/L) whereas, the TIS values vary between 17.7 and 103.7 meq/L (median TIS
value of 32 meq/L). The Ev-group shows both reducing and oxidizing conditions with
the median Eh value of -23 mV (min. -233 mV; max 268 mV). Based on triangular
plots (Fig. S3, Supplementary material) 18 of the available 31 groundwater samples
were classified as Ca-SO4 chemical type, whereas the Ca-HCO3 (9 samples), Mg-HCO;
(2 samples) and Na-Cl (2 samples) hydrochemical facies represent the remaining
samples. These compositions derived from the interaction of these waters with the
carbonate-evaporite deposits (calcite/dolomite, gypsum, anhydrite and halite) of
Triassic or Messianian age outcropping in the Calabria Region (Gaglioti et al., 2019;
Vespasiano et al., 2015b). The concentrations of arsenic in sulphate minerals like
gypsum or anhydrite were estimated in the range < 1-6 mg/Kg whereas, the halite
crystals can contain until 30 mg/Kg of arsenic (Smedley and Kinniburgh, 2002). The
waters belonging to the Ev-group show an As content ranging from 0.05 to 2.70 pg/L
(Table 1) and after the application of the preselection criteria (see Section 3.2), the
dataset appeared non-normally and non-lognormally distributed (Fig. S3,
Supplementary material). The presence of two populations was highlighted using the
partitioning method (Sinclair, 1974), identifying a thresh-old of concentration at 0.35
ug/L and, consequently, two populations, both normally distributed (Pop1 and Pop2).
The identified threshold was interpreted as the upper bound for groundwater (Pop?2).
As concentrations are less controlled by water-rock interaction processes, thus deriving
mainly from atmospheric inputs (Gallo et al., 2017; Smedley and Kinniburgh, 2002).
Pop 1 shows a higher median value of temperature than Pop2 (18.8 °C, Popl;15.5 °C,
Pop 2). The higher temperature could cause an increase in the leaching of arsenic and
its enrichment into the groundwaters (Apollaro et al., 2017). Based on these
considerations, the 95th percentile of the first population, 2.13 pug/L, was set as the
natural backgroundlevel of arsenic for the waters interacting with evaporitic rocks of
the Calabria region (Table 2).

4.1.5. Sedimentary water group (Sed-group)

The Sed-group consists of 66 water samples distributed throughout the Calabriaregion
(see Fig. 1). These waters are linked to aquifers developed in terrigenous and alluvial
successions, originating during the Neogene-Quaternary age. These sedimentary
successions fill mainly the transversal and longitudinal basins, known as Crotone
Basin, Crati Valley, and Catanzaro Trough (Van Dijk et al., 2000) and include the
deposits of the coastal plain (Vespasiano et al., 2019). The petrographical-

mineralogical and chemical composition of sedimentary successions is highly variable
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because they derived from erosion, transport and deposition of all rocks forming the
CPO.

The whole dataset belonging to the Sed-group shows a median pH value of 7.5, a
median temperature value of 16.2 °C and oxidizing redox conditions with the median
Eh value of 180 mV (Table 1). The median EC value is 457 puS/cm (range 75-1570
uS/cm) whereas, the median TIS value is 8.2 meq/L (range 1-30.2 meq/L) (Fig. S4,
Supplementary material). Considering the triangular plots (Fig. S4, Supplementary
material), these waters were classified as Na-ClI (5 samples), Na-HCO; (4 samples) and
Ca-HCO; (57 samples). Thefirst group includes both low evolved waters and samples
which probably interacted with soluble salts whereas, the Na-HCO3 and Ca-HCO;
water types represent more evolved waters.

On average, the concentrations of As in sedimentary rocks are in the range 5-10 mg/Kg
(Smedley and Kinniburgh,2002; Adriano, 2001). Sands and sandstones tend to have a
lower concentration of As than argillaceous deposits, reflecting the As concentrations
oftheir main forming minerals (Smedley and Kinniburgh,2002). The waters belonging
to the Sed-group shows As concentrations ranging from 0.07 to 3.02 pg/L (Table 1).
Also in this case, after the application of the prese-lection criteria (see Section 3.2), the
dataset appeared non-normally and non-lognormally distributed (Fig. S4,
Supplementary material) due to the high number of samples characterized by arsenic
values below the detection limit (24% of the whole dataset). The concentration
threshold was identified at 0.1 pg/L by using the partitioning method (Sinclair, 1974).
Based on these considerations, the 95th percentile of the first population, 2.59 pg/L,
was set as the natural background level of arsenic for the sedimentary aquifers of the
Calabria region (Table 2).

4.1.6. Thermal waters group (Th-group)

The Th-group comprises 24 water samples distributed throughout the Calabria region
(see Fig. 1) and belonging to the main local geothermal circuits. The samples are hot
and deep waters interacting with different kinds of aquifers, like crystalline-
metamorphic complex, ophiolite complex, carbonate-evaporite complex and with
aquifers
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Fig. 3. Map of the distribution of As in groundwater (a), obtained with CK, and the
corresponding lower (b) and upper (c) limits of the 95% confidence interval. 11

hosted in the sedimentary successions of the Neogene-Quaternary age (e.g. Apollaro et
al., 2019c¢, 2016, 2012; Vespasiano et al., 2015b, 2015c¢, 2015d, 2015e, 2014, 2012a,
2012b; Vespasiano et al., 2021).

The dataset belonging to the Th-group shows pH valuesranging from 6.6 to 8.6, and a
median temperature value of 26.2 °C (range 20.2-38.4 °C). The samples show both
reducing and oxidizing redox conditions with the median Eh value of -14.8 mV (min.
-266 mV; max 192 mV) whereas, the median EC value is 2708 uS/cm (range 1019-
13,190 uS/cm) (Table 1). This water group shows the highest salinity with TIS values
in the range of 22.8-366.7 meq/L (median TIS value 62.8 meq/L) (Fig. S5,
Supplementary material). Based on the triangular plots (Fig. S5, Supplementary
material) six hydrochemical facies were recognized: Na-Cl (9 samples), Ca-SO4 (7
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samples), Na-SOj4 (5 samples), Ca-HCOs; (1 sample), Mg-HCOs (1 sample) and Na-
HCO; (1 sample).

The considered waters show arsenic values ranging from 0.4 to 17.4 pg/L and fall
within the range estimated for the geothermal waters by Smedley and Kinniburgh
(2002). The data appear as a single population lognormally distributed (Fig. S5,
Supplementary material). The 95th percentile, 21.90 pg/L, was set as the natural
background level of arsenic for the thermal waters of the Calabria region (Table 2).

4.2. Arsenic distribution in groundwater

A nested LMC was fitted to Gaussian transformed data, including a short-range (6600
m) spherical structure and a long-range (20,000 m) spherical structure (Fig. S6,
Supplementary material). Each one of these structures describes variation at the
corresponding spatial scale, which is affected by particular hydrogeochemical
processes as repre-sented by the considered physico-chemical variables (i.e., As, Na*,
K+, Ca**, Mg ,Cl , HCOs-, and SO4?%, temperature, electrical conductivity, pH, and
redox potential). Table 3 compares the Pearson correlations with the two structural
codisperion matrices, to point out the scale-dependent hydrogeochemical processes
affecting the arsenic content in groundwater.

The codispersion coefficients at short-range (Table 3b) show that As has significative
positive correlations with Cl-, Na* and K*, a high positive correlation with the water
temperature, and a negative correlation with pH. Since the mixing between low-
temperature groundwater and geothermal fluids is characterized by relatively higher
temperatures and a prevalent Na-K-Cl water type (Table 1), this short-range variability
of As concentration can be ascribed to the Th-group, which occurs in some specific
parts of the study area. Additionally, an inverse relation-ship between As and pH is
typical of oxidative dissolution of sulphide minerals, such as the As-bearing
mineralization which have been recognized in some limited areas of the crystalline
aquifers; thus, CM-group contributes to the small-scale variability of As concentrations
in ground-water. At a larger scale (Table 3c), As is positively correlated with EC, T,
pH, and all the major ions, while it has a significative negative correlation with Eh.
Water-rock interaction and, to a minor extent, atmospheric precipitation may account
for these relations. The long-range codispersion coefficients essentially indicate that
As content in groundwater increases as the residence time in the aquifers increases.
However, the total contribution of the large-scale variability has been proved to be of
few micrograms per litre (see Section 4.1). As a result, the As concentration in the
different aquifers seems to be highly conditioned by the physico-chemical properties
of groundwater.
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Fig. 3 showsthe distribution of As throughout the whole region (Fig. 3a), together with
the 95% confidence interval limits maps (Fig. 3b and c) to evaluate the uncertainty of
estimation. From the spatial distribution obtained with CK, it appears clear that the
concentration of As in most of the regional territory is generally very low, with values
that reach at most 2 pg/L regardless of the type of aquifer or groundwater. The
atmospheric precipitation and the water-rock inter-action in aquifers characterized by
a very limited amount of arsenic in their mineral phases (i.e., Oph-group, CD-group,
and Sed-group) ac-count for these extremely low concentrations in groundwater.
Besides, at some locations, As concentrations are intermediate to high, frequently
exceeding 10 pg/L. These well-defined and limited areas correspond to sites where
groundwater interacts with As-bearing mineralizations (e.g., As-rich pyrite) or
groundwater mixes with geo-thermal fluids.

Comparing the three maps, it results that As concentration estimates in the eastern and
southern sectors of the study area, where the density of the sampling points of the
monitoring network was considerably lower than elsewhere, are more uncertain.
However, the uncertainty is, on average, of the order of a few pg/L, confirming the
good performance of the LMC demonstrated by the cross-validation (Table 4).

4.3. Mapping the probability of NBL exceedance

Even though the arsenic spatial distribution in the Calabriaregion is strongly dependent
on the physico-chemical properties of groundwater, the natural hydrogeochemical
processes do not occur identically and to the same extent in all the aquifer types. This
implies that the natural contribution of each aquifer to the As content in groundwater
has to be necessarily considered differentiated, to effectively define areas where the
natural background concentration can be exceeded because of either anthropogenic
inputs or natural anomalies.

Different values of NBL of arsenic (i.e., differentiated NBL), one for each group of
waters and aquifer type (Table 5), have then been considered in the NBL probability of
exceedance mapping. To stress the improvement of the approach compared to the ones
used in literature so far, the maps of NBL probability of exceedance have also been
obtained by IK using both regional and aquifer-based NBL values, and by applying PK
technique to the unique regional NBL value (i.e., 10.41 pg/L).

A spherical variogram model has been fitted in IK (Figs. S7 and S8, Supplementary
material). In contrast, the LMC in PK includes two structures: a short-range (6600 m)
spherical model and a long-range (20,000 m) spherical structure (Figs. S9 and S10,
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Supplementary material). The nested LMCs related to the unique or differentiated
NBLs have the same ranges as the ones used in CK.

The difference between the models used in IK and PK points out that including other
hydrogeochemical covariates, related to the same processes, allowed improving the
interpretation of the experimental variogram of the indicator variable and identifying
two scale-dependent variability structures. Accordingly, a robust and reliable nested
LMC was fitted. The results of cross-validation (Table 6) confirm this evidence by
proving that the PK estimates are more precise (i.e., lower RMSE values) and accurate
(i.e., RMSSE closer to 1) than the IK ones. Besides, both ME and MSE values
demonstrate that all the models are unbiased because their values are always close to
Zero.

Fig. 4 compares the maps of NBL exceedance probability obtained with 1K and the
unique and differentiated NBL (Fig. 4a and b) and PK considering the unique and
differentiated NBL (Fig. 4c and d).Since the multivariate approach (i.e., Probability
Kriging) has proved to be more reliable and representative of the dynamics affecting
As content in groundwater, the implications of using an aquifer-based NBL will be
highlighted considering only the PK results (Fig. 4c and b).

25



| —
0 1020 40km

P([As] > NBL)
B <01 Bloz2-02 MM os-05 MM os-07 M os-09 Moitoring pislit
750 Bl o1-02 loz-04 M os-06 Il o7-08 [l os-1

751  Fig. 4. Maps of the probability of NBL exceedance for As, obtained with the four
752  combinations of NBL values and methods: a) regional NBL and IK, b) aquifer-based
753 NBL and IK, c) regional NBL and PK, and d) aquifer-based NBL and PK.

754
755

756

26



757

758
759
760
761
762
763
764
765
766
767
768
769
770
771
772
773
774
775
776
777
778
779

780
781
782
783
784
785
786
787
788
789
790

791

For both regional and aquifer-based NBLs, it appears clear that within most of the
regional territory the probability that As concentration exceeds the level attributable to
the natural contribution is below 0.1. This evidence is consistent with the spatial
distribution of As esti-mated with CK (Fig. 3), which basically points out very low
concentrations in most of the study area. The highest probabilities (i.e., up to 0.6-0.7)
are instead related to the areas, where local mineralization or geothermal fluids uprising
occurs. In addition, probability values in the order of 0.2-0.3 can be observed in the
eastern areas ofthe Calabria region, which might be ascribed to anthropogenic sources.
However, the map of NBL probability exceedance that considers the regional value
(Fig. 4c) attributes probabilities greater than 0.1-0.2 to all the hydrogeochemical
anomalies, although arsenic concentrations are in the order of few micrograms per litre
and do not represent real environmental problems to be managed. This results in
“noisy” maps because all these anomalous areas are supposed to have As inputs
additional to the natural contribution. In addition, As concentrations that at a regional
level would not represent a problem, because below the regional NBL, might instead
be “not natural” in some hydrogeological contexts, such as in sedimentary of
calcareous-dolomitic aquifers (Table 2). The map obtained considering aquifer-based
NBL wvalues (Fig. 4d) overcomes this problem by filtering the natural
hydrogeochemical features of each group of waters and pointing out critical situations
that need to be investigated more in detail, due to anthropogenic inputs or very
anomalous natural contributions. In this way, maps of NBL exceedance probability can
definitely become actual instruments for contamination risk management.

As a result, the map obtained by the application of PK to the aquifer-based NBL,
besides spotting the highly hydrogeochemical anomalies due to local mineralizations
in the crystalline aquifer and to mixing be-tween fresh groundwater and geothermal
fluids in the Sila Massif, points out areas at south east where probability is in the order
of0.2. This area is characterized by the presence of sedimentary and evaporitic aquifers
(Fig. 1). Since these kinds of aquifers have very low NBL values, here the As content
may also be due to anthropogenic sources and/or hydrogeological interaction with
hydrogeochemical anomalies within the nearby aquifers. Although a certain level of
uncertainty is clearly present, these are in any case areas that should be investigated
with further detail by site-specific surveysto discriminate the actual sources of arsenic
concentrations in groundwater.

5. Conclusions
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An integrated probabilistic approach to the natural background level assessment of
arsenic that combines aquifer-based preselection criteria and multivariate non-
parametric geostatistics has been proposed and applied to the Calabria region.

In detail, groundwater samples collected throughout the entire territory were split into
groups of waters, each one related to a specific type of aquifer or hydrogeological
feature, as in the case of mixing between fresh groundwater and uprising geothermal
fluids. The aquifer-based NBL values for As, assigned to the groups of waters using
the probability distribution approach, were used in the Probability Kriging method to
map the probability of exceedance. In this multivariate approach, the same covariates
used to estimate the spatial distribution of arsenic in groundwater with the Co-Kriging
method were considered, even though rank-order transformed. These physico-chemical
auxiliary variables proved to describe most of the scale-dependent hydrogeochemical
processes affecting As concentrations in the aquifers. For this reason, they allowed
estimating more accurately the spatial distribution of the probability of NBL
exceedance, as demonstrated by comparing the Probability Kriging and the univariate
Indicator Kriging results. In addition, using aquifer-based NBL values in the
Probability Kriging allowed obtaining a less “noisy” map, because the natural
hydrogeochemical features of each group of waters were filtered. In this way, the
resulting maps of NBL exceedance probability can definitely become actual
instruments for contamination risk management. They can point out critical situations
(1.e., anthropogenic inputs or very anomalous natural contributions) that need to be
investigated more in detail and properly managed.

The proposed multivariate probabilistic approach, which considers aquifer-based NBL
values and the main physico-chemical variables affecting the behaviour of a certain
element in groundwater, is very robust and flexible because it is physically based and
can be adapted to different hydrogeological and hydrogeochemical contexts.
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1163 Table 1

1164  Descriptive statistics of physico-chemical parameters of each water group.

Crystalline-metamorphic waters group (CM-group)
No. samples: 337
Min Max  Mean I quartile Median III quartile Skewness Kurtosis

As pg/L 0.01 43501 4.69 0.07 0.13 0.35 10.24 116.60
Ca mg/L 120 136.00 1925 6.20 13.00 2340 2.29 9.65
Cl mg/L 2.70 31390 1449 8.00 11.60 16.10 12.33 192.10
HCO; mg/L 3.80 37830 8599 33.60 67.10 117.80 1.47 531

K mg/L 020 5220 1.71 090 1.20 1.80 12.77 194.00
Mg mg/L 050 3990 6.60 2.10 4.95 9.50 1.78 7.83
Na mg/L 3.10 194.10 1439 7.65 10.40 16.50 6.94 64.02
SOs mg/L 170 123.60 14.75 4.55 8.00 18.10 2.83 13.88
T °C 430 24.10 12.73 10.60 12.60 14.90 0.35 3.23
pH - 500 1040 692 640 6.90 7.40 0.40 3.99
EC uS/cm 13.00 1245.00 242.54 120.00 194.20 305.00 2.06 9.27
Eh  mV  -188.00594.00 191.99 50.50 17735 300.50 0.48 2.25

Ophiolite waters group (Oph-group)
No. samples: 41
Empty Cell Min Max  Mean I quartile Median III quartile Skewness Kurtosis

As pg/L 001 597 0.60 0.11 0.36 0.71 4.18 22.45
Ca mg/L 2.10 124.70 49.18 32.20 4990 64.70 042 3.67
Cl mg/L 7.50  104.00 26.10 10.20 1330 36.30 1.56 4.97
HCO; mg/L 16.80 538.30 235.52149.50 210.50 348.70 0.46 248
K mg/L 020 19.10 196 0.60 1.00 1.50 3.94 17.52
Mg mg/L 130 6420 21.77 4.20 14.10 40.00 0.52 1.89
Na mg/L 590 9840 23.52 8.20 12.00 32.60 1.70 5.27
SOs mg/L 290 212.10 33.83 6.10 14.60 44.80 2.55 9.76
T °C 10.00 24.60 1544 12.50 13.80 18.40 0.75 2.54
pH - 6.10 8.20 744 17.20 7.40 7.80 -0.47 3.85
EC puS/cm 91.20 1780.00 528.32268.00 360.00 767.00 1.35 4.73

Eh  mV  -152.00449.00 200.11 14.00 178.00 395.00 -0.10 1.69

Calcareous-dolomitic waters group (CD-group)
No. samples: 37
Empty Cell Min Max Mean I quartile Median III quartile Skewness Kurtosis

As npg/L 0.03 099 041 0.19 0.36 0.58 0.73 2.53
Ca mg/L 17.70 7430 51.15 4590 4820 5540 -0.10 4.14
Cl mg/L 290 34.60 7.71 490 6.20 8.00 3.44 15.83
HCO; mg/L 51.90 339.30230.26 209.00 230.30 250.20 -0.68 6.11
K mg/L 040 330 071 0.50 0.50 0.70 3.67 18.06
Mg mg/L 1.10 2990 14.70 11.50 1340 17.30 0.32 3.65
Na mg/L 2.60 2930 579 3.30 3.90 4.80 2.96 11.35
SOs mg/L 2.10 4690 10.10 3.40 3.80 11.70 1.87 5.36
T °C 8.00 18.60 12.29 10.40 1140 14.00 0.78 2.95
pH - 7.10 890 7.84 7.50 7.70 8.10 0.59 2.58

EC pS/cm 122.00660.00 382.67 335.00 369.50 429.00 0.10 4.11
Eh mV 070 265.0093.34 48.20 56.20 133.70 1.06 2.94
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1169

1170

Evaporite waters group (Ev-group)

No. samples: 31

Empty Cell Min Max  Mean
As pg/L 0.05 270 0.65

Ca mg/L 9230 77830 290.98
Cl mg/L 6.60 965.80 78.65
HCO; mg/L 137.30 692.00 339.55
K mg/L 040 2470 4.19

Mg mg/L 1090 123.00 46.75
Na mg/L 420 39220 68.46
SOs mg/L 77.50 2345.80767.83
T °C 11.40 21.50 16.65
pH - 6.50 8.00 7.05

EC  uS/em 798.00 4325.00 1692.39

Eh mV

-233

.00 268.00 -23.03

I quartile Median III quartile Skewness Kurtosis

0.14 0.36 1.11
109.50 144.70 566.80
14.40 33.00 56.20
25930 344.80 385.90
1.40 2.50 3.80
35.90 4230 52.70
19.50 38.70  63.20
190.50 343.80 1531.80
14.80 1645 19.10
6.90 7.00 7.20

1035.50 1155.50 2520.50
-174.00 -28.00 77.30

Sedimentary waters group (Sed-group)
No. samples: 66
Empty Cell Empty Cell Min Max

As
Ca
Cl
HCO:3
K
Mg
Na
SO4
T
pH
EC
Eh

ng/L
mg/L
mg/L
mg/L
mg/L
mg/L
mg/L
mg/L
°C
uS/cm
mV

0.07 3.02
1.60 164.10
4.10 398.30
11.80 517.10
0.10 19.10
0.90 43.70
2.50 212.50
3.80 169.60
11.30 24.30
590 8.70
75.00 1570.00
1.00 284.00

Thermal waters group (Th-group)

No. samples: 24

Empty Cell
As

Ca

Cl

HCO;3

K

Mg

Na

SO4

pH

EC
Eh

Table 2

ng/L
mg/L
mg/L
mg/L
mg/L
mg/L
mg/L
mg/L
°C
puS/cm
mV

Min Max
0.40 17.40
60.40 57940
3470  3932.10
19.80 53540
0.30 38.70
0.40 107.10

37.60  3401.50
8.90 4747.80
20.20  38.40
6.60 8.60
1019.00 13190.00
-266.10 192.00

Mean I quartile Median

0.66 0.16 0.40
54.53 23.30 48.15
29.19 8.50 16.05
204.44 105.30 187.65
249 1.00 1.80
14.03 6.50 12.90
22.75 9.80 15.15

39.16 13.60 29.00
16.80 14.25 16.20

739 17.10

745

532.31315.00 457.00
148.84 77.00 180.00

Mean
5.70
225.62
821.31
205.03
10.79
37.98
586.37
893.96
27.98
7.53
3785.25
-12.51

1.25
0.75
4.34
1.04
2.65
1.72
2.58
0.69
0.02
1.00
1.17
0.36

4.08
1.83
21.69
4.72
9.54
6.66
8.59
1.90
2.14
5.15
3.66
2.03

III quartile Skewness

0.82 1.54
74.30 0.79
31.10 6.10
292.90 0.55
2.60 3.79
18.50 1.08
27.30 4.78
4430 1.53
18.75 0.52
7.80 -0.49

742.00 0.87
187.90 -0.40

I quartile Median

1.50 3.29
94.85 136.
108.55  201.
68.60 191.
4.25 935
6.30 28.2
131.40  265.
142.05  399.
21.90 26.1
7.15 7.50

05
35
85

5
15
50
5

1303.00 2708.00
-97.00  -14.80

39

III quartile Skewness

8.02
32935
1226.95
270.75
13.20
59.40
648.00
1425.95
33.80
7.95
3951.00
60.85

1.02
0.93
1.54
0.72
1.51
0.74
2.17
2.02
0.30
0.06
1.43
-0.10

Kurtosis
4.72
3.06
4473
2.60
19.36
3.88
31.12
4.72
2.47
3.69
3.79
2.15

Kurtosis
2.56
2.57
4.38
2.31
5.47
2.46
7.49
7.56
1.55
2.18
3.96
2.25
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1175
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1177
1178
1179

Aquifer-based natural background levels of arsenic-related to the six groups of waters
assessed as the 95th percentile of the most representative population.

Group of waters No. samples for NBL derivation NBL As (ug/L)
Crystalline-metamorphic (CM-group) 52 7.08

Ophiolitic (Oph-group) 37 2.45
Calcareous-dolomitic (CD-group) 36 1.11

Evaporitic (Ev-group) 15 2.13
Sedimentary (Sed-group) 39 2.59

Thermal waters (Th-group) 24 21.90

Table 3. The Pearson correlation matrix is compared to the whole dataset, and the two
structural codispersion matrices, calculated by the Linear Model of Co-regionalization
used in CK to estimate the As distribution in Fig. 3.

1 As Ca Cl EC Eh HCO:K Mg Na SOs T pH
(a) Whole dataset

As 1

Ca 0359 1

Cl 0.315 0.467 1

EC 433 0.900 0.626 1

Eh  -0.292 -0.277 -0.102 -0.264 1

HCO; 0.293 0.852 0.363 0.803 -0.203 1

K 0.338 0.322 0.531 0.408 -0.229 0.226

Mg 0305 0.770 0.477 0.770 -0.232 0.833 0.335 1

Na 0299 0.437 0.889 0.624 -0.142 0.358 0.618 0.430 1

SOs 0.361 0.724 0.706 0.782 -0.189 0.566 0.504 0.644 0.720 1

T 0.361 0.489 0.630 0.608 -0.237 0.427 0.381 0.454 0.662 0.656 1

pH 0212 0.494 0.054 0.463 -0.125 0.483 0.049 0.357 0.032 0.241 0.178 1

e

o =

(b) Short-range spherical structure (6600 m)

As 1

Ca -0.1941

Cl  0.527 -0.607 1

EC -0.009 0.812 -0.569 1

Eh  0.264 -0.852 0.443 -0.468 1

HCOs -0.126 0.957 -0.706 0.809 -0.737 1

K 0.591 0.173 0.155 0.082 -0.386 0.172 1

Mg 0.018 0.808 -0.392 0.553 -0.909 0.729 0.578 1

Na  0.572 -0.649 0.489 -0.537 0.626 -0.515 0.131 -0.456 1

SOs 0.183 0.439 -0.225 0.288 -0.449 0.408 0.200 0.564 -0.392 1

T 0.732 -0.352 0.184 -0.146 0.382 -0.176 0.526 -0.019 0.656 0.114 1
pH -0.400 0.275 -0.393 0.089 -0.404 0.278 0.209 0.144 -0.330 -0.370 -0.400 1

(c) Long-range spherical structure (20,000 m)
As 1
Ca 0.742 1
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1 As Ca (I EC Eh HCO;K Mg Na SOs T pH

Cl1 0683 0.792 1

EC 0.787 0.939 0.870 1

Eh  -0.426 0.090 -0.240 -0.090 1

HCO; 0.662 0.866 0.841 0.910 0.027 1

K 0.696 0.639 0.828 0.722 -0.449 0.632 1

Mg 0.666 0.880 0.886 0.971 -0.076 0.938 0.747 1

Na  0.648 0.766 0.940 0.850 -0.294 0.821 0.922 0.903 1

SOs 0.790 0.915 0.794 0.937 -0.070 0.875 0.803 0.915 0.836 1

T 0.593 0.683 0.756 0.779 -0.442 0.758 0.643 0.811 0.768 0.713 1

pH 0.488 0.726 0.308 0.612 0.536 0.653 0.096 0.521 0.224 0.635 0.209 1
1180 Bold underlined values represent high significant correlation; underlined values represent significant correlations.

1181
1182

1183  Table 4. Cross-validation results related to the LMC used in the CK to estimate the
1184  spatial distribution of arsenic in the study area.

1185 Variable ME RMSE MSE RMSSE
1186 gAs 0.0052 0.7512 0.0014 0.9772
1187

1188  Table 5. Variogram model and LMC related to the four combinations of NBL values
1189 and methodological approaches.

NBL reference for the indicator variable Method Structure Range (m)
Regional NBL Indicator Kriging  Spherical 8800
Aquifer-based NBL Indicator Kriging  Spherical 7500

Short-range spherical 6600
Long-range spherical 20000
Short-range spherical 6600
Long-range spherical 20000

Regional NBL Probability Kriging

Differentiated NBL Probability Kriging
1190

1191  Table 6. Comparison among the cross-validation results related to the four
1192  combinations of NBL values and methodological approaches.

Variable NBL value Method ME RMSE MSE RMSSE
Indicator Regional IK 0.0005 0.1933 -0.0009 0.9227
NBL of As Aquifer-based IK -0.0011 0.1871 -0.0070 0.9556

Regional PK 0.0024 0.1937 0.0085 0.9367

Aquifer-based PK -0.0009 0.1871 -0.0053 0.9690
1193

1194
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