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a b s t r a c t
Geostatistical and spatially constrained multivariate analysis methods (MULTISPATI-PCA) have been applied
at the scale of France to differentiate the inﬂuence of natural background from the pollution due to human
activities on the content of 8 trace elements in the topsoil. The results of MULTISPATI-PCA evidence strong
spatial structures attributed to different natural and artiﬁcial processes. The ﬁrst axis can be interpreted as an
axis of global richness in trace elements. Axis 2 reﬂects geochemical anomalies in Tl and Pb. Axis 3 exhibits
on one hand natural pedogeogenic anomalies and on the other hand, it shows high values attributable to
anthropogenic contamination. Finally, axis 4 is driven by anthropogenic copper contamination. At the French
territory scale, we show that the main factors controlling trace elements distribution in the topsoil are soil
texture, variations in parent material geology and weathering, and various anthropogenic sources.
© 2009 Elsevier B.V. All rights reserved.

1. Introduction
Concern about increasing levels of trace elements (TE) in the
European soils has led to the development and implementation of
numerous national programmes to determine the baseline levels of
TE in the Earth's surface (see a review from Morvan et al., 2008). The
origin of TE in soils can be studied using various techniques, such as
isotope composition (Bacon et al., 1996; Erel et al., 1997), analysis of
spatial distribution (Atteia et al., 1994; Facchinelli et al., 2001;
McGrath et al., 2004), statistical relationships with other soil
characteristics (Basta et al., 1993), and topsoil to subsoil ratios
(TSR) of TE concentrations deﬁned as “relative topsoil enhancement”
(RTE) (Colbourn and Thornton, 1978; Baize and Sterckeman, 2001;
Saby et al., 2006). Multivariate techniques, that can include
interpolation, have been used by numerous authors to reduce the
dimensionality of datasets and to identify the processes governing the
TE spatial distribution (Korre, 1999; Zhang et al., 1999; Rawlins et al.,
2003; Lee et al., 2006; Zhao et al., 2007; Imrie et al., 2008; Wannaz
et al., 2008).
In this paper, we used data from the French national soil
monitoring network (Arrouays et al., 2002) to study the spatial
distribution and origin of 8 TE in soil at the national scale (Cd, Co, Cr,
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Cu, Ni, Pb, Tl, Zn). TE content measurements from total and partial
extraction were used because they can bring different insights in TE
spatial distribution and origin. We use TE data alone to assess if their
spatial distributions and correlations, without confrontation with
additional data, can provide an interesting insight on their origin.
Detecting and mapping regional trends in TE distribution over the
entire French metropolitan territory could have been done by
multivariate geostatistical techniques such as Factorial Kriging
Analysis (FKA) (Goovaerts, 1992; Bocchi et al., 2000; Bourennane
et al., 2003; Imrie et al., 2008). This technique is suitable to provide
quantitative measures of complex interactions between soil properties but it is strongly dependent on the goodness-of-ﬁt (in least square
sense) of the linear model of co-regionalization. Alternatively, we use
a spatially constrained multivariate analysis method (MULTISPATIPCA, Dray et al. (2008)), which is a generalization of Wartenberg's
(1985) Multivariate Spatial Correlation Analysis (MSCA). This technique implies a compromise between the relations among many
variables (multivariate analysis) and their spatial structure (autocorrelation). Moreover, MULTISPATI-PCA was combined with geostatistics to map effective displays of spatial patterns (Thioulouse et al.,
1995) of the TE relationships in French soil and to analyse their origin.
MULTISPATI-PCA is a purely descriptive method, based solely on linear
algebra and on geometrical properties. It does not rely on any model
ﬁtting. The geostatistical interpolation technique (kriging) used to
draw the geographical maps is used only as a graphical technique
here, and this has no consequence on the validity of the MULTISPATI-
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PCA results. At the French territory scale, we show that the main
factors controlling TE distribution in the topsoil are soil texture,
variations in parent material geology and weathering, and various
anthropogenic sources.

2. Materials and methods
2.1. Study area
The French National Soil Quality Monitoring Network “Réseau de
Mesures de la Qualité des Sols” consists of observations of soil
properties on a 16 km regular grid across the French metropolitan
territory (550,000 km²). This network was designed to monitor soil
evolutions and particularly to identify diffuse contamination either
due to atmospheric deposition of trace elements on soils or to
agricultural practices (e.g. fertilizers, sludge amendments, inorganic
pesticides). The complete inventory will consist of 2200 sites but in
this study we use measurements of TEs from the 2059 sites analysed
at present (Fig. 1).
The sites are selected at the centre of each 16 × 16 km cell. In the case
of soil being unavailable at the centre of the cell (i.e. urban area, road,
river, etc.), an alternative location is selected as close as possible to the
centre of the cell, within a 1 km radius, to ﬁnd a natural (undisturbed or
cultivated) soil. However, it is not always possible to ﬁnd an alternative
location. All land cover types are present in the dataset, except industrial
sites which are not sampled. At each site, 25 individual core samples
were taken from the topsoil (0–30 cm) layer, using a stratiﬁed random
sampling design within a 20× 20 m area. Core samples were bulked to
obtain a composite sample for each site. Soil samples were air-dried and
sieved to 2 mm before analysis (AFNOR, 1994). Topsoil sampled from 0
to 30 cm was chosen because it corresponds in France to the maximal
depths affected by ploughing and because it is a quite conventional
thickness to report on topsoil properties (e.g. Arrouays et al., 2001;
Arrouays et al., 2008).
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On one hand, total concentrations of 8 TE (Cd, Co, Cr, Cu, Ni, Pb, Tl, Zn)
were determined by inductively coupled plasma mass spectroscopy
after dissolution with hydroﬂuoric and perchloric acids (AFNOR, 2001).
On the second hand, 6 TE (Cd, Cr, Cu, Pb, Ni, Zn) were extracted by 0.05 M
EDTA solution (ammonium salt) at pH = 7.0. The extraction was
performed with a solid/solution ratio of 1/10. 2.5 g of soil, air-dried
and sieved at 2 mm, and 25 ml of 0.05 M EDTA solution at pH 7.0 were
put in a taped ﬂask for a shake step during 1 h at 20 °C. Then, the mixture
was centrifuged at 3000 laps per minute for 10 min. After centrifugation,
the extract was ﬁltered through 2 μm ﬁlter and transferred in a taped
ﬂask before analysis of Cd, Cr, Cu, Ni, Pb and Zn using ICP-AES. Analysis of
soil extracts were calibrated using standard solutions made with the
extracting agent.
Analyses were performed by the Soil Analysis Laboratory of INRA at
Arras, which is accredited for soil and sludge analysis.

2.2. MULTISPATI-PCA
The matrix of the TE contents was analysed by MULTISPATI-PCA (Dray
et al., 2008), which is a generalization of Multivariate Spatial Correlation
Analysis (MSCA, Wartenberg 1985). This method allowed taking into
account the spatial position of sampling sites through a neighbouring
relationship between sites (the one-step chess queen's move).
As explained in Dray et al. (2008), the MULTISPATI analysis
introduces a spatial weighting matrix W in the Principal Component
Analysis (PCA) of the data matrix X. Here X is the matrix of TE contents:
it has n rows (soil samples) and p columns (TE). W is the row-sum
standardized connectivity matrix: if C = [cij] is the connectivity matrix
(indicating the strength of interactions between units i and j), then
W = ½cij = ∑nj = 1 cij . Let D be a scalar product of Rn, and let Q be a scalar
product of Rp. (X,Q ,D) is the statistical triplet associated to the PCA of X,
and the MULTISPATI analysis is the co-inertia analysis (Dray et al., 2003)
between X and the lag matrix X̃ = WX. The lag matrix X̃ is composed of
the averages of neighbouring values weighted by the spatial connection

Fig. 1. Location of the study and of the sampling sites.
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matrix (this means that only the neighbouring points are taken into
account). MULTISPATI maximizes the scalar product between a linear
combination of the original variables (a1 = XQu1) and a linear
combination of the lagged variables (ã1 = WXQu1). In practice, it is
necessary to diagonalize the Q-symmetric matrix H = (1/2)(Xt(WtD +
DW)XQ) instead of matrix XtDWXQ, which is not symmetric.
The advantage of MULTISPATI over PCA is that MULTISPATI sample
scores maximize spatial autocorrelation between sites, while conventional PCA scores maximize the inertia (i.e., the sum of variances).
MULTISPATI scores are therefore “smooth” and show strong spatial
structures on the ﬁrst few axes, while PCA scores can be rough,
smooth, or mixed and can show spatial structures on any axis (even
distant ones). Moreover, the advantage of MULTISPATI over Wartenberg's classical Multivariate Spatial Correlation Analysis (MSCA,
Wartenberg, 1985) is that MULTISPATI is not restricted to the case of
quantitative normalized variables, but can be applied to any type of
variable and any type of analysis (for example, binary variables,
counts, or qualitative variables and principal component analysis,
correspondence analysis, or multiple correspondence analysis).
Finally, a Monte-Carlo test was used to check the statistical signiﬁcance
of the observed structures. This test is a multivariate permutation test
against a random distribution of the values of the TE over the sampling
sites. It does not rely on statistical distribution hypotheses.
Computations were conducted with the “ade4” (“multispati” function,
Chessel et al., 2004) and “spdep” packages (Bivand et al., 2008) for the R
statistical software (R Development Core Team, 20084).
2.3. Geostatistical interpolation
Kriging or geostatistical interpolation aims at predicting the
unknown value of a variable Z at a non-observed location xi using
the values zi at surrounding locations. To do this, we use a Stochastic
Function (SF) as a model of spatial variation so that the actual but
unknown value z(xi) and the values at the surrounding location are
spatially dependent random variables. We assume that z is a
realisation of a Gaussian random function with a covariance matrix
V. If the assumption of Gaussian random realisation is not plausible for
a particular data set then that data set should be transformed. We
apply the Box–Cox transform (Box and Cox, 1964).

z* =

8
>
< logðzÞ if t = 0

ð1Þ

zt −1
>
:
otherwise;
t

where t is the parameter of the transform.

The elements of V are expressed as function of the distance
separating two observations (h). In the geostatistical literature this
function is commonly expressed in terms of the variogram
2

γðhÞ = 0:5E½fZðxÞ−Zðx + hÞg :
Full details are given in Webster et al. (2007) for the calculation of
V. A number of variogram functions have been suggested to ensure
that V is positive and deﬁnite. We retained the Matérn function which
has a smoothness parameter ν that gives the ﬂexibility for modelling
the spatial covariance, particularly in the decay of the function for
small h. When ν is small the spatial process is rough whereas for large
ν it is smooth. For particular values of ν the Matérn model is
equivalent to other suggested variogram models. Minasny and
McBratney (2005) describe different forms the Matérn function can
take in greater detail.
The validity of the geostatistical model ﬁtted by ordinary least
square may be conﬁrmed by leave-one-out cross validation. For each
sampling site location i = 1,…, n, the value of the property at site xi is
predicted by ordinary kriging upon z⁎
(−i), the vector of observations
excluding zi*. The statistic

θi =

n
o2
*
zi*− ẑð−iÞ
2
σð−iÞ

;

2
where z ⁎
(−i) and σ (−i) denote the kriging prediction and kriging
variance at xi when zi* is omitted from the transformed observation
vector, is calculated. If the ﬁtted model is a valid representation of the
spatial variation of the soil property then θ = (θ1…, θn) has a χ2
distribution with mean θ̄ = 1.0 and median θ̃= 0.455 (Lark, 2002).
At some sites, the interpolated map may not approximate the
behaviour of the property due to local contamination by secondary
process, also called contaminated process or quasi-point process.
Nevertheless, metal concentrations in the soil may also show variation
that is a composite of a continuous background and a quasi-point
process. The former represents the natural origin of the metal content
and diffuse sources of pollution; the latter represents point sources of
pollution. To solve this problem, the effects of the background and of
the local contamination processes must be separated. Lark (2000)
describes three robust variograms. These are designed to estimate the
variogram of a background process in the presence of contamination.
These include the Dowd variogram (Dowd, 1984). If an appropriate
model of the background process is ﬁtted by a robust variogram
estimator θ̄ is greater than 1.0 due to large θi at the contaminated sites.
However θ̃ will be close to 0.455 because the median is a more robust
statistic to outliers that may be present. The mean and the median

Table 1
Descriptive statistics of the trace element metals content in soils.

cd_tot
co_tot
cr_tot
cu_tot
ni_tot
pb_tot
tl_tot
zn_tot
cd_ext
cr_ext
cu_ext
ni_ext
pb_ext
zn_ext

Mean

Median

FOREGS
median

Standard
deviation

10%
percentile

90%
percentile

FOREGS 90%
percentile

Kurtosis

Skewness

Kurtosis
(log(x))

Skewness
log(x)

t (Box–Cox
parameter)

Kurtosis
(Box–Cox)

Skewness
(Box–Cox)

0.294
10.328
54.530
19.189
24.685
32.478
0.673
72.069
0.155
0.150
4.752
1.200
7.423
3.155

0.190
8.790
47.330
13.400
18.600
27.590
0.534
61.400
0.099
0.110
2.190
0.720
5.570
2.080

0.284
7.78
60
13
18
22.6
0.66
52
–
–
–
–
–
–

0.365
8.515
85.003
26.640
49.309
26.724
0.630
58.049
0.201
0.183
12.971
2.591
9.021
5.803

0.06
2.71
18.70
4.76
5.69
16.53
0.27
25.64
0.04
0.04
0.53
0.25
2.54
0.88

0.61
18.22
86.52
33.65
44.14
48.94
1.19
125.00
0.30
0.29
7.36
2.36
13.04
5.57

0.48
19.7
122.0
34.0
49.8
51.1
1.38
111.0
−
−
−
−
−
−

45.137
22.840
821.755
131.490
560.808
156.167
235.934
102.337
47.399
153.241
281.921
486.948
120.678
290.794

5.165
3.494
25.416
9.026
21.116
9.404
10.863
6.805
5.492
9.205
13.778
19.303
8.953
14.260

1.268
12.063
3.999
17.886
17.706
3.441
2.894
36.868
0.832
1.037
1.223
3.606
4.955
1.911

−0.395
−3.264
−0.911
−3.058
−3.339
0.160
−0.349
−5.077
0.045
−0.394
0.255
−0.584
−0.064
0.565

0.096
0.440
0.173
0.246
0.277
−0.044
0.088
0.384
− 0.013
0.109
− 0.052
0.093
0.011
−0.160

1.053
2.520
7.145
4.541
9.138
3.323
2.524
4.936
0.818
1.150
1.055
2.719
4.601
1.189

0.032
0.169
0.216
0.366
0.553
−0.026
0.048
0.383
−0.003
0.033
− 0.021
0.081
0.012
− 0.047

FOREGS medians correspond to the published statistics from FOREGS database (Salminen et al., 2005).
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Table 2
Linear correlation matrix of the Box–Cox transformed data.

cd_tot
co_tot
cr_tot
cu_tot
ni_tot
pb_tot
tl_tot
zn_tot
cd_ext
cr_ext
cu_ext
ni_ext
pb_ext
zn_ext

cd_tot

co_tot

cr_tot

cu_tot

ni_tot

pb_tot

tl_tot

zn_tot

cd_ext

cr_ext

cu_ext

ni_ext

pb_ext

zn_ext

1.000
0.490
0.533
0.442
0.600
0.414
0.260
0.716
0.948
−0.057
0.465
0.458
0.339
0.548

0.490
1.000
0.830
0.578
0.867
0.391
0.317
0.700
0.421
−0.103
0.447
0.631
0.203
0.245

0.533
0.830
1.000
0.579
0.928
0.352
0.297
0.717
0.486
0.114
0.476
0.634
0.230
0.290

0.442
0.578
0.579
1.000
0.613
0.381
0.285
0.606
0.394
−0.083
0.852
0.381
0.241
0.390

0.600
0.867
0.928
0.613
1.000
0.370
0.319
0.762
0.540
0.031
0.501
0.678
0.242
0.324

0.414
0.391
0.352
0.381
0.370
1.000
0.696
0.607
0.439
0.119
0.313
0.309
0.724
0.443

0.260
0.317
0.297
0.285
0.319
0.696
1.000
0.517
0.268
0.068
0.168
0.171
0.350
0.211

0.716
0.700
0.717
0.606
0.762
0.607
0.517
1.000
0.668
0.008
0.479
0.507
0.413
0.543

0.948
0.421
0.486
0.394
0.540
0.439
0.268
0.668
1.000
0.009
0.473
0.519
0.433
0.615

−0.057
−0.103
0.114
−0.083
0.031
0.119
0.068
0.008
0.009
1.000
−0.115
0.073
0.274
0.199

0.465
0.447
0.476
0.852
0.501
0.313
0.168
0.479
0.473
−0.115
1.000
0.477
0.270
0.490

0.458
0.631
0.634
0.381
0.678
0.309
0.171
0.507
0.519
0.073
0.477
1.000
0.397
0.448

0.339
0.203
0.230
0.241
0.242
0.724
0.350
0.413
0.433
0.274
0.270
0.397
1.000
0.499

0.548
0.245
0.290
0.390
0.324
0.443
0.211
0.543
0.615
0.199
0.490
0.448
0.499
1.000

Bold print indicates signiﬁcant linear correlation coefﬁcients at 1% level.

values of θ were also calculated for 1000 simulated realisations of
the ﬁtted model to determine the 90% conﬁdence limits. We used
robust variograms to remove the effect of local point-source

contamination (i.e. couple of isolated very high values obviously
linked to very local anomalies) on variance. From the statistical point
of view, a robust estimator is used to identify background variation

Fig. 2. Graphical display of the ﬁrst four axes of the MULTISPATI-PCA analysis. In each of the 2 graphs, the labels corresponding to the 14 columns of the data table are placed in the
factorial map of axes 1 and 2 and, 3 and 4. The scale (d) is the distance between vertical lines, and the thicker vertical line is the origin (x = 0 or y = 0).
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of a soil property with the minimum inﬂuence of quasi-point
process.
The spatial analysis GeoR package (Ribiero and Diggle, 2001) was
used for geostatistical interpolation.

sites. For Cd, the difference between the two median values is likely
attributable to an over-representation of some soils developed on
Jurassic calcareous in the database from Baize (2007).
3.2. MULTISPATI-PCA

2.3.1. Spatial analysis algorithm
A MULTISPATI-PCA was calculated on the Box–Cox transformed
data of the TE measurements. The scores of the sites obtained from the
ﬁrst four axes of global MULTISPATI-PCA were then interpolated by
robust geostatistic and then geographically mapped to resolve the
distribution patterns of TE variability. Box–Cox transformation
ensured that both methods performed well.
3. Results
3.1. TE contents
The median observed values for total TE (Table 1) are close to those
observed by the FOREGS project (Salminen et al., 2005) in European
topsoils. 90% percentile values are also very similar, except for
Chromium for which most of the highest values in Europe were
observed outside France (http://www.gsf.ﬁ/publ/foregsatlas/maps/
Topsoil/t_xrf_cr_edit.pdf). The ranges of observed values (Table 1) are
also of the same order of magnitude as those observed by Baize (2007)
using a different dataset on the French territory. For the total TE for
which national statistics are available in both databases, the median
values are very close [i.e. in bold median value for this study, in
italic median value from Baize (2007), Cd 0.19–0.30; Cr 47.33–3.6;
Cu 13.4–13.8; Ni 18.6–24.1; Pb 27.59–25.6; Zn 61.4–59.0]. However, for
some elements, the higher maximal values observed in the database
from Baize (2007) indicate the presence of some highly contaminated

Table 1 shows that the Box–Cox transformation has removed most
of the skewness of the raw data although log transform performs
worst. Nearly all TE contents, both in their total and EDTA extractable
forms, were positively correlated (Table 2), except for extractable Cr
that appeared to have a distinct behaviour. Fig. 2 conﬁrms these
positive correlations between all TE, except for extractable Cr which is
very fairly correlated to total Cr and shows the best correlations with
extractable Zn and Pb. Indeed extractable Cr seems to show a special
distribution, in opposition with nearly all the other parameters
measured. This is conﬁrmed by the correlation of the variables with
the ﬁrst 4 axes of the MULTISPATI-PCA accounting for over 80% of the
total variance.
The Monte-Carlo permutation test of the MULTISPATI-PCA was
highly signiﬁcant (p b 0.005), which showed that the spatial structures
exhibited by TE were indeed very strong and could not be attributed to
random variations.
3.3. Cross validation results and variograms
The results of the cross-validations showed that the mean of θ for
every 4 axes is outside the 90% conﬁdence limit although the median is
inside. The median and the mean of θ are respectively (0.460; 1.519) for
axis 1, (0.451; 1.343) for axis 2, (0.447; 1.342) for axis 3 and, (0.428;
1.555) for axis 4. Variograms are shown in Fig. 4. The Dowd's variogram
provides a lower semi-variance than the one from the classical

Fig. 3. Relationships between clay content, CEC and total Al and, the scores of axis 1 obtained from the MULTISPATI-PCA of the 8 TE. The second column corresponds to the logarithm
of the y axis.
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Matheron variogram (Matheron, 1971) by removing the effects of local
anomalies. This indicates that the outliers have led to large θi at some
sites and Dowd variogram has then adequately modeled the spatial
variation of the background process and authorize us to interpret the
factorial map. Although the nugget effects of the ﬁtted Matérn
variograms are rather high, they all exhibit a marked increase between
0 and ca 100 km, indicating a strong autocorrelation at rather short
distances. Moreover, axes 1, 3 and 4 show a small ν parameter of the
Matérn function (0.25, 0.07, 0.15 respectively) indicating that the spatial
process is rough at small distance h. Axis 2 shows a ν parameter close to
0.5 (e.g. close to the exponential covariance function) with a continuous
and sharp increase till ca 300 km. Finally the largest relative decrease in
variance is observed for axis 4 indicating the large effect of quasi-point
process.
3.4. Interpretation of the MULTISPATI-PCA axes
The ﬁrst axis (61.1%) (Fig. 2) can be interpreted as an axis of global
richness in TE. The correlations between axis 1 and clay content,
cation exchange capacity and Al content (Fig. 3) suggest that trace
elements are speciﬁcally associated with phyllosilicates of the ﬁnest
fraction as shown in Northern France by Sterckeman et al. (2006). The
map of the scores on axis 1 (Fig. 4) shows a spatial pattern similar to
clay content distribution in French topsoil (Fig. 5A). We conclude that
this map reveals the spatial trends in the natural abundance of
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pedogeogenic trace elements in French topsoil. Axis 2 (13.44%) is
mainly driven by total Pb and Tl. We investigated if this axis and Pb or
Tl concentrations could be linked to organic carbon content in soil and
found no signiﬁcant relationships (Fig. 6). The pattern of the map is
clearly linked to the geographical distribution of some speciﬁc parent
materials (Fig. 5B) and is consistent with the shape of the variogram.
The map of the scores of axis 2 shows a spatial distribution linked to
old residual soils, developed from rocks highly mineralized by longterm geological processes. Tremel et al. (1997) have shown that very
high natural contents of Tl occurred in such soils in France, associated
with mineralizations inducing also high natural Pb content. A set of
244 samples, some of which have been collected in the vicinity of
potential anthropogenic contamination sources, could not evidence
anthropogenic origin. The fact that this axis is mainly driven by total
forms of these TE also suggests a natural origin. We conclude that the
axis 2 reﬂects natural geochemical anomalies in Tl and Pb. Axis 3 (8%)
is mainly driven by extractable TE, namely extractable Pb, Zn and Cd.
The map of axis 3 exhibits two different kinds of processes. It shows on
one hand two well known natural pedogeogenic anomalies: the Jura
calcareous mountain (Webster et al., 1994; Bourennane et al., 2003;
Imrie et al., 2008), and the border of the Cévennes massif in southern
France (Tremel et al., 1997). On the other hand, it shows high values
around the Paris area and the highly industrialized Northern part of
France that are likely to be of anthropogenic origin, as already shown
for Pb by Saby et al. (2006) around Paris, and for various TE by

Fig. 4. Variograms of the scores of 4 axis obtained from the MULTISPATI-PCA of the 8 TE. The lines show the ﬁtted models on the Dowd's variograms. The crosses represent the
classical Matheron variograms.
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Fig. 5. Maps of (A) dominant topsoil texture extracted for the French 1: 1,000,000 geographical soil database (King et al., 1995), (B) selected dominant parent materials extracted for
the French 1: 1,000,000 geographical soil database, (C) percentage of vineyards in land cover derived from agricultural census data and aggregated on the 16 km to 16 km grid.

Sterckeman et al. (2006) in Northern France. This anthropogenic
origin is conﬁrmed by high values in extractable forms. Axis 4 (5.6%) is
mainly driven by Cu, both in its total and EDTA extractable contents,
and its spatial distribution clearly shows two different anthropogenic
origins, vine fungicide treatment by CuSO4 (area of Bordeaux, South of
France, some sites along the Loire and the Rhône valleys, Languedoc
region, see the map of vineyards location in France, Fig. 5C) and
industrial origin (Paris region, Northern France). Indeed, in this case,
relatively high quantities of the extractable form of Cu can be
associated with anthropogenic activity.
4. Discussion
4.1. Limitations due to the sampling scheme
The sampling scheme of the French soil monitoring network is
based on a 16 × 16 km grid, which provides a high nugget/sill ratio,
producing smoothed map of PCA axes. Indeed, our sampling scheme
and interpolation technique are not suited to detect point-source
pollution, therefore local “hot spots” of high TE content could not be
detected by our study. The spatial structures we observed reﬂect only

medium range trends in natural or anthropogenic TE distribution.
Therefore: (i) the total area of high anthropogenic TE concentration in
the topsoil might be underestimated (this is likely to be the case for
small vineyard areas and Cu, for instance), (ii) risks due to “hot spots”
of TE content cannot be assessed using this method.
4.2. Comparison with other studies
Using factorial kriging on a larger set of elements over Europe, Imrie
et al. (2008) found a dominant effect of parent material on topsoil
geochemistry. Although soil texture was identiﬁed as a possible
controlling factor of topsoil geochemistry, its effect was less pronounced
than in our study. This difference is likely attributable both to the
different set of parameters used and to the different geographical
coverage of the studies.
At the French territory scale, we show that the main factors
controlling TE distribution in topsoil are soil texture, variations in
parent material chemistry and weathering, and various anthropogenic
sources. Some of the anthropogenic patterns could not have been
detected using a looser sampling design, as suggested by the shape of
the variograms. Indeed, some of the patterns that we identiﬁed are

Fig. 6. Plot of total organic carbon (TOC) against total Pb content, total Tl content and the score of axis 2 obtained from the MULTISPATI-PCA of the 8 TE.
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Fig. 7. Interpolated maps of the ﬁrst four axes of the MULTISPATI-PCA using robust geostatistics.

rather small (see for instance map of axis 4, Fig. 7) and therefore, a
looser sampling design may not have captured them. As we stress
above, it is even likely that more local anthropogenic or natural
structures exist and could not be detected.

sampling the sites. Thanks are expressed to the anonymous reviewers
for their suggestions and to Eva Lacarce for the help with English.
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