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a b s t r a c t
Recent developments in applied mathematics are bringing new tools that are capable to synthesize knowledge in
various disciplines, and help in ﬁnding hidden relationships between variables. One such technique is topological
data analysis (TDA), a fusion of classical exploration techniques such as principal component analysis (PCA), and
a topological point of view applied to clustering of results. Various phenomena have already received new interpretations thanks to TDA, from the proper choice of sport teams to cancer treatments. For the ﬁrst time, this technique has been applied in soil science, to show the interaction between physical and chemical soil attributes and
main soil-forming factors, such as climate and land use. The topsoil data set of the Land Use/Land Cover Area
Frame survey (LUCAS) was used as a comprehensive database that consists of approximately 20,000 samples,
each described by 12 physical and chemical parameters. After the application of TDA, results obtained were
cross-checked against known grouping parameters including ﬁve types of land cover, nine types of climate
and the organic carbon content of soil. Some of the grouping characteristics observed using standard approaches
were conﬁrmed by TDA (e.g., organic carbon content) but novel subtle relationships (e.g., magnitude of anthropogenic effect in soil formation), were discovered as well. The importance of this ﬁnding is that TDA is a unique
mathematical technique capable of extracting complex relations hidden in soil science data sets, giving the opportunity to see the inﬂuence of physicochemical, biotic and abiotic factors on topsoil formation through fresh
eyes.
© 2017 Elsevier B.V. All rights reserved.

Abbreviations: CEC, Cation exchange coefﬁcient; OC, Organic carbon; FA, Factor analysis; PCA, Principal component analysis; TDA, Topological data analysis.
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1. Introduction
The great variability of soil forming factors (parent material, climate,
topography, living organisms) in space and time caused a diverse soil
cover in Europe (Brady and Weil, 1999). Properties of soil types developed under various geographical conditions are in both linear and
non-linear relationships. Determination of the web of relationships
among soil units by the analysis of individual soil properties has always
been a key problem in soil science (Addiscott and Tuck, 2001). Recent
development of mathematical methods with robust computational support provides opportunities to describe the main features of the soil system quantitatively (Pachepsky et al., 2015). Unfortunately, although
techniques applied so far were helpful in understanding the role of individual soil properties in various features of soil systems, the methods
failed to describe the synergistic effect of all parameters. Topological
data analysis (TDA) is a novel data exploration method that introduces
a well-established topological point of view to the results originating
from classical data analysis. The main idea behind the application of
TDA is to bridge the gap between unsupervised and supervised classiﬁcation methods ones based mainly on machine learning, such as Bayesian Belief Network or Support Vector Machines. With the advance of
unsupervised methods, it would be possible to obtain an unbiased
input for supervised ones. Original and distinctive in its logic, TDA has
found application in numerous problems of big data analysis. Reliability
has been tested and proven on various datasets which were very different in their origin, from choosing the best possible players in sports
teams (Goldfarb, 2014), via identiﬁcation of banking and insurance
frauds, improvement of healthcare and diagnostics, to better understanding of molecular biology data, including microarray analysis
(Carlsson, 2009; Hinks et al., 2015; Ibekwe et al., 2014; Lum et al.,
2012; Singh et al., 2007; Sarikonda et al., 2014; Rucco et al., 2014;
Montanarella et al., 2011; Scantamburlo, 2016; Li et al., 2015;
Alexander et al., 2016; Torres et al., 2016; Morabito, 2015; Offroy and
Duponchel, 2016). The difference between classical techniques, such
as PCA, and TDA lies in the fact that PCA assumes that an unknown
space of data is just a subspace of all the possibilities, either linear subspace or a ﬂat hyper plane with no curvature. For its part, TDA does not
use an a priori linear model of data, relying only on measures of similarity. In practice, it brings a robustness of analysis and more tolerance to
noise. One more difference in comparison to classical statistical
methods is the easier recognition of multidimensional patterns, i.e.
subpopulations, particularly when the explored data set consists of
a huge number of samples. By performing TDA for the ﬁrst time in
soil science using the LUCAS topsoil dataset, we will validate basic relationships between variables and samples highlighted in previous
explorations of the data set (Tóth et al., 2013) but, even more importantly, hidden relations will be highlighted which are meaningful in
pedological studies.
2. Materials and methods
2.1. Sample collection and chemical analysis (from the original LUCAS
survey)
The European Commission launched a large project in 2009 called
Land Use/Land Cover Area Frame Survey (LUCAS) aiming to sample topsoil in 23 member states of the European Union and to analyse their
main physicochemical properties (Nocita et al., 2014; Tóth et al., 2013;
Cureton and Mulaik, 1975). Analysis of all soil samples (19,969 geo-referenced points) was performed in a single laboratory. Highlands, above
an altitude of 1000 m were not included in the analysis. The data set and
the survey are publicly available from the European Soil Data Centre at
the following web address: http://eusoils.jrc.ec.europa.eu/projects/
lucas. The sampling campaign was performed from April to September
2009 except for Bulgaria and Romania, where the survey took place in
2012. Sampling points were chosen based on a regular grid, stratiﬁed

by terrain and land cover attributes. The sampling procedure required
the formation of a composite sample from subsamples taken from a
georeferenced LUCAS points and four other points two meters away
from the central point in a square pattern. Vegetation residuals and
leaf litter were removed from the surface and topsoil was sampled
down to a depth of approximately 20 cm. From each location about
500 g of soil was sampled, and later sieved before analysis following
standardized procedures. Chemical analyses were performed in a single
laboratory according to well-established ISO reference methods. All
samples were analysed in order to estimate the coarse fragment fraction
(%, ISO 11464. 2006), the particle size distribution (% clay, silt and sand
content, ISO 11277. 1998), the pH value (measured from CaCl2 solution
and H2O solution, ISO 10390. 1994), the organic carbon content (g/kg,
ISO 10694. 1995), the carbonate content (g/kg, ISO 10693. 1994), the
phosphorous content (mg/kg, ISO 11263. 1994), the total nitrogen content (g/kg, ISO 11261. 1995), the extractable potassium content (mg/kg,
USDA, 2004), and the cation exchange capacity (CEC, cmol(+)/kg, ISO
11260. 1994). In this way, each soil sample was deﬁned by 12 variables.
2.2. Topological data analysis (TDA)
The main idea of TDA is to use topology in order to visualize and explore high-dimensional and complex data sets. In other words, it will be
used to generate a network, creating a representation of the shape of the
data. In a ﬁnal step, the observation of this topological network will
allow us to ﬁnd relations between samples and variables. Fig. 1 provides
a functional description of topological data analysis and its network
construction. The ﬁrst step of TDA is to apply what we call a ‘lens’ on
the data, such as when using a camera and focusing on an object (Step
1). In fact, anything producing a number from a sample (deﬁned by variables) can be a lens. Thus we can use different functions that extract different features of the data set. As a non-exhaustive list, lenses could
derive from statistics (mean, max, min …), from geometry (centrality,
curvature …) or from chemometrics (PCA scores, SVM distance from
hyperplane, MDS scores …). At the end of this ﬁrst step, each soil sample
has a lens value. The whole lens value scale obtained from the data set is
then divided into overlapping subintervals (Step 2). All soil samples that
have lens values within each subinterval are grouped together in a subset (Step 3). In this way the lens drives the partition of the initial dataset.
Then subsets are considered separately. In a given subset, considered
samples are clustered based on the metric we have selected. A conventional cluster algorithm such as single linkage is used. We begin the construction of the TDA network by representing each cluster by a node
(Step 4). Nodes are then connected when corresponding clusters have
samples in common (Step 5). Indeed samples can potentially be shared
because overlapping subintervals of lens values are used. The ﬁnal task
is the coloring of nodes depending on the number of samples they contain or on the mean value of an extra parameter deﬁning each sample
(Step 6). Besides that, by changing the number of lens subintervals
and their overlapping it is possible to obtain a coarse view of the data
set or, on the contrary, a detailed one when necessary. More details
about the application of TDA can be found in literature (Singh et al.,
2007; Sarikonda et al., 2014; Rucco et al., 2014; Montanarella et al.,
2011; Scantamburlo, 2016; Li et al., 2015; Alexander et al., 2016;
Torres et al., 2016; Morabito, 2015; Offroy and Duponchel, 2016). In
the particular case of this paper, after exploring a number of lenses on
the LUCAS dataset, the neighbourhood lens was selected as the most relevant. This lens generates an embedding of high-dimensional data into
two dimensions by embedding a k-nearest neighbor's graph of the data.
A k-nearest neighbors graph is generated by connecting each sample
point to its nearest neighbors. Observation of established grouping patterns of samples extracted from previous works was used in order to
make an informed choice. During the clustering step, a ‘norm correlation’ metric was also used in order to take into account potential differences of variance and mean between variables having different units.
First, a normalisation procedure was applied to each variable by
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Fig. 1. The topological data analysis framework.

subtracting the mean and dividing by the variance. In this way each variable of the data set had a zero-mean and unit variance. Then, a Pearson
correlation between any two points was calculated and used as a distance. The software used for TDA was the AYASDI Core software platform (www.ayasdi.com, Ayasdi Inc., Menlo Park CA). The main reason
is the wealth of implemented lenses and metrics. It is also important
to emphasize an intuitive user-friendly interface and handling facilities
of the generated topological network.

2.3. Principal component analysis (PCA)
Principal component analysis, Principal component analysis was
performed using IBM SPSS 22. This calculation environment was selected because it proposes factor analysis with both orthogonal and oblique
rotation of factors called varimax and promax respectively (Cureton and
Mulaik, 1975). PCA results are usually represented with simple 2D scatter plots of scores. However, given the huge number of samples we have
in our data sets (19,969 soil samples), such plots would present so many
overlaps of points that no particular areas or features could be observed
in the PCA space. For this reason we have introduced 2D histograms
(also known as bivariate histograms) of scores in this paper. In a classical 1D histogram, elements that belong to a certain range of the considered variable are counted and ﬁnally represented by the height of a bar.
In a bivariate histogram, elements are simultaneously counted in a certain range of two variables and represented as a pixel in an image. In this
work, the total count of elements in each pixel of the bivariate histogram is represented by the brightness intensity of a hot color scale.
The so called ‘heat maps’ (common in image analysis) were used in

this paper to better highlight zones with different sample densities in
PCA scores maps.

2.4. Validation method of TDA
When introducing a new data exploration method, we can legitimately question its effectiveness and its relevance. Conclusions drawn
from the main LUCAS study are used in this paper as ﬁrst-line reliability
checking of TDA observations. Pedological hypotheses tested in the ﬁrst
LUCAS report (Tóth et al., 2013) are as follows: a positive correlation is
observed between soil organic carbon (OC) and nitrogen (N) as soil organic matter is composed of both, carbon (C) and nitrogen (N) with a
relatively ﬁxed ratio of 12:1 in mineral soils and about 30:1 in organic
soils. A positive correlation is also observed between the soil cation exchange capacity (CEC) and clay and soil organic carbon. Higher OC concentrations are expected in forest/grassland soils compared to cropped
soils. Indeed ploughing of the soil is often associated with cropped systems increasing the soil organic matter decomposition Higher phosphorous and potassium content are present in a larger percentage of
cropped soils compared to soils under other land uses, mainly due to application of fertilizers. Higher pH values are also expected in cropped
soils compared to other land uses (such as forest soils, wetland soils,
≥20% OC) this time due to liming which is often associated with cultivation. Finally, a high concentration of calcium carbonate (CaCO3) is expected in zones with low pH values because its solubility is pH
dependent. It is clear that the aim of the paper is not just about retrieving the PCA results of previous studies but mainly extract with TDA new
relations hidden in the soil data set.
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3. Results
3.1. Principal component analysis (PCA) and factor analysis (FA)
Numerous data mining techniques are applied in soil science. However, the mathematical approach and logic behind the methods differ
signiﬁcantly. Some of the techniques are based on clustering, such as
classiﬁcation and regression tree (CART) or hierarchical clustering.
Other techniques are applied for dimensionality reduction without
prior knowledge about the data structure, such as principal component
analysis (PCA), or more generally factor analysis (FA). As principal component analysis is certainly the most widely used statistical method for
dimensionality reduction and data visualization, it has naturally been
applied to the LUCAS dataset. Results were published in the original
LUCAS report (Montanarella et al., 2011). However, data exploration
of the physicochemical properties of soils were not particularly efﬁcient,
mainly due to a low percentage of variance explained by the ﬁrst two
principal components causing a poor differentiation of samples in the
PCA hyperplanes considered. Moreover, too large a scattering of sample

points was observed for higher principal components, leading inevitably to inconsistent grouping patterns and making interpretation even
more difﬁcult. The idea was to check its performances and compare
them directly with topological data analysis (TDA). The key advantage
of TDA originates from formation of interconnections between groups
of similar data. In the case of PCA and similar techniques, data points
are only related by proximity in the two directions of the selected PCA
hyperplane. In contrast, samples connected in a TDA network are not related in two dimensions only, providing in that manner more conclusions. PCA results were ﬁrst compared with methods using orthogonal
or oblique rotation of factors. However, bivariate histograms of scores
presented in Fig. 2 do not reveal particular grouping of samples. It is
clear that PCA and modiﬁed algorithms are well suited for data exploration in most common situations but rather unusable when point density
is very large. It is also important to emphasize that only 60% of the total
variance is explained by the ﬁrst two principal components. Generally
speaking, it is usually desirable to have higher percentage of variance
explained in the very ﬁrst PCs. Otherwise, the number of factors necessary for the description of all variations present in the data set will be

Fig. 2. Bivariate histograms (2D histograms) of factor scores obtained after application of PCA, FA with orthogonal rotation of factor scores (varimax) and FA with oblique rotation of factor
scores (promax). Heat map corresponds to the number of tested samples that belong to certain area of histograms. A poor clustering is observed for PCA while slightly better results are
observed for FA.
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too high, making the reduction of dimensionality inefﬁcient. Considering other pairs of factors (not shown in the paper), score patterns resemble 2D Gaussian distributions, which are usually to be expected
for random or unstructured data. Consequently, it is not possible to understand well which physical and chemical parameters contribute to
soil properties. It is also interesting to see that more robust methods
closely related to classical PCA, i.e. factor analysis with orthogonal and
oblique rotation of factors, remain ineffective in such conditions
(Cureton and Mulaik, 1975). Moreover it was even impossible to observe particular zones of score maps consistent with known categorical
predictors such as the type of land coverage or climate. Indeed members
of groups deﬁned by selected predictors were widely scattered along all
bivariate PCA/FA histograms.
3.2. Topological data analysis
Human perception has remarkable abilities for pattern recognition
in 2D and 3D spaces. That is why mathematicians often try to provide
an efﬁcient dimensionality reduction of unintuitive, high dimensional
datasets when they develop new data analysis methods. Reduction of
dimensionality also means that some of the considered data set variables are related; ﬁnding hidden relations between them is the main
task of this paper. As we have seen in the previous section, PCA was unable to properly identify the data set structure. This is particularly the
case when the data set is sparse (Mackey, 2009). Most data analysis
techniques, including PCA, are applicable if all (or most) observations
exhibit similar patterns of values of variables. However, if variables exhibit much difference in occurrence of correlation, data points are too
widely scattered, with a small percentage of the variance explained by
leading principal components. In the original LUCAS study it was particularly the case with PCA exploration leading to no ﬁrm conclusions. The
main reason is embedded in the PCA method itself when using either a
correlation or covariance matrix of the given dataset. The most difﬁcult
case for analysis occurs when some variables are highly correlated,
while others exhibit low correlation. In the case of the LUCAS soil

1095

database some of the measured parameters are strongly correlated
(pH values in CaCl2 and H2O), while other parameters are almost uncorrelated (pH and clay content). As a consequence, a poor dimensionality
reduction is observed, with an inability to explain the large percentage
of variance with the small number of principal components we are
allowed to extract. The LUCAS dataset was explored with TDA. Fig. 3
shows the corresponding topological network with nodes representing
groups of soils with similar properties. We point out here that two
nodes are linked when they have at least one sample in common. The
coloring of a node follows the number of soil samples it contains. In
this way dense nodes are represented by hot colors, while cold colors indicate low number of soil samples. As we can see, some nodes are significantly more populated, containing N 400 soil samples. Moreover, some
zones of the network are so densely populated (by a factor of 2 or 3) that
it is possible to distinguish groupings. The question that ﬂows naturally
from this observation is whether those groups highlighted, without any
prior knowledge of their correspondence to certain types of soil reﬂect
the effect of land cover, or exhibit correlations with climate zones,
which are two of the main soil forming-factors. At this point it is important to explain the way we actually explore and interpret a TDA network. To date, there are no mathematical criteria to systematically spit
a TDA network into signiﬁcant groups of nodes. When the network
structure is serrated, branches are often considered as potential groups.
When the network is rather compact and continuous, as in our case,
density of sample nodes help us to highlight subparts of the network,
forming potential groups. In a second step, a classical statistical test,
such as Kolmogorov-Smirnov, is applied in order to discover whether
particular variables of the data set can explain this segregation of samples. If that is the case, values of a selected variable are used for a new
coloring of the TDA network. Before digging into a ﬁne analysis of the
network, it is interesting to have an overall view of the distribution of
different kind of soils in the network. Fig. 4 shows three different colorings of the TDA network for different types of soil (mineral soils in Fig.
4b, organic-rich soils in Fig. 4c, peat soils in Fig. 4d). As usual, hot color
nodes contain a high number of soil samples. It can be seen that almost

Fig. 3. TDA network obtained from the LUCAS dataset. Hot colors indicate the presence of more soil samples (rows in data set) that belong to certain nodes.
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all the nodes present on the upper right side of the network correspond
to soils with high organic matter content, either containing mineral particles (organic rich soils) or not (peat soils). Without looking at variables
at this stage, we can say that soils sharing same parts of the network
should also share their most important characteristics. Histograms (i.e.
color scale) associated with TDA networks for organic and peat soils reveal that most of the soil samples belong to only a small number of
nodes with warm colors. It is also interesting to see that the 1013 peat
soil samples and the 431 organic-rich mineral samples are differentiated in this huge 19,969 soil samples data set. Thus TDA is able to determine the type of soil according to organic carbon (OC) content. More
signiﬁcantly, OC is probably the most important soil property that differentiates soil samples in the full feature space. In a next step we propose to explore the TDA network of soil samples according to land
cover type (Fig. 5). Unlike shrubs, which are rather spread over the network, all other types of land cover show grouping patterns. This is not
surprising, as numerous species of shrubs are able to live in variety of
environments and cover a wide array of ecological niches. Dispersion
of shrubs in the network is probably also due to their intermediate ecological parameters compared with the other major land uses, in terms of
biomass formation and level of disturbance. Forests, grasslands and seasonal crops occupy complementary parts of the network. This makes
sense because seasonal crops require more human interventions compared to forests and grasslands. Moreover differences between forest
and grasslands soils can be found in the thickness of their leaf litter
layers. In the context of stratiﬁcation, forest soils would have a thicker
humus layer and a thinner mineral layer, in contrast to grasslands. Differences are also expected in pH values, as forest soils are generally
more acidic. These results reﬂect the underlying ecological (soil) factors
of land systems suggesting interactions between abiotic and biotic factors in processes of soil formation. It conﬁrms that not only the type of
soil determines suitability for different land covers, but also that land
cover plays a major role in the development of different soil properties.
TDA analysis also reveals that natural land cover factors (i.e. difference
between grassland and forest) have similar impacts on soil formation

as does anthropogenic inﬂuence (i.e. difference between croplands
and grassland or woodlands).
Fig. 6 shows a new coloring of the TDA network according to the climate zone to which soil samples belong. It is interesting to observe different grouping patterns. Comparing with Fig. 4, we can see that distinct
zones of the network can be recognized as soils from certain types of climate. The most prominent group of samples from a boreal climate zone
and those from a sub-oceanic zone are in complementary areas of the
TDA network, which is not surprising considering vegetation. In boreal
climatic regions, coniferous forests are found that are absent in oceanic
zones. Mediterranean regions with three distinctive types of climate
(arid, oceanic and mountainous) show a rough differentiation in the
same area of the network. There is also a noticeable gradient from Mediterranean, through sub-continental, to Atlantic climate. Atlantic soils
highlight two zones in the TDA network. The ﬁrst is similar to a sub-oceanic zone, which might reﬂect the climazonal aspect of soil formation,
while the other shares similarities with some aspects of soils in other climate zones. These can be due to azonal soil properties, such as parent
materials or the level of anthropogenic impact, which determine local
soil formation. An overall evaluation of the results suggests that
climazonality of soil formation is a major factor within the European
Union, with azonal soils present in all climate regions. Topological
data analysis thus conﬁrms that any soil modeling in the European
Union should rely strongly on climatic indicators.
However, other factors of local pedogenesis should also be considered. Fig. 7 shows a new coloring of the network according to chemical
and physical parameters. By showing highlighted zones of the network
correlated with various groups of soils, TDA provides evidence for the
importance of pedogenesis based on local factors regardless of climate.
An interesting aspect of the relation between climate, soil and land
use is observed when seasonal crops and permanent crops, in Fig. 5
are compared with Figs. 6 and 7. It can be seen that seasonal crops
could be found on soils richer in sand content in sub-oceanic to sub-continental climate zones. Permanent crops would also be found to be dominant on soils rich in potassium (K), probably due to the favourable

Fig. 4. The TDA network with a coloring according to soil types. A – all soil types (19,969 samples), B – mineral soils only (18,525 samples), C – organic-rich mineral soils only (1013
samples) and D – peat soils only (431 samples).
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Fig. 5. Samples distribution in the TDA network according to types of vegetation cover.

cultivation of permanent cultures on clays with high potassium content.
Returning to Fig. 7, it can be observed that pH values measured in either
CaCl2 or H2O solutions show very similar patterns, as expected. We can
also observe that OC and N contents are correlated, which was the ﬁrst
hypothesis from the original LUCAS survey. However, TDA also highlights another correlation between the CEC content and the two previous ones. If we take a closer look at the histogram scale of these three
parameters, there is a factor of at least 40 between the lowest and the
highest value. Thus shifting the scale towards the highest values, it is
possible to show that a strong correlation with CEC content is evident
for samples with the highest measured values. This observation supports the role of nitrogen in soil acidiﬁcation (in forest soils). In other
cases, clay content and clay mineralogy can modify the level of correlations. In fact, a correlation between clay and CEC contents was yet another hypothesis from the original LUCAS survey, but TDA brings to
light something more. Besides the overall correlation between these
two parameters, it can be observed that the value distributions of
their histograms are slightly shifted, revealing several subtypes of interconnections between clay content and CEC. Results obtained show nonlinearity among the observed parameters, reﬂecting the advantages of
TDA. In the case of PCA and related techniques, it would be inherently

difﬁcult to properly observe such relations because samples would be
described with linear combinations of extracted components. This last
result highlights the importance of clay mineralogy, which merits further study. In Fig. 7, P and K contents share the same part of the network
for high values (also revealed in the original LUCAS report
(Montanarella et al., 2011) for forest soils). However, correlation is not
that strong for other soil samples, and is sometimes even negative.
TDA reﬂects that natural distribution of these nutrients can also differentiate types of soil: soils rich in P and K, rich in P and moderate in K,
moderate in P and rich in K and moderate in P but poor in K. Another
similarity with the original LUCAS report (using PCA) is that K content
corresponds to clay more strongly than does P content. It suggests
that natural factors are more important in K supply of soils, while extractable P, especially on agricultural land, is determined by human
input. Earlier ﬁndings of the LUCAS survey have shown that soil P was
in excess in those areas of Europe with the most intensive agricultural
production practices (Tóth et al., 2014). Again in Fig. 7, CaCO3 concentration does not seem to be linked to other parameters of the data set.
However high CaCO3 concentrations are naturally correlated with
higher pH values. South Mediterranean regions (in Fig. 6) also show relationship between high pH values and CaCO3 content. Silt and sand
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Fig. 6. Sample distribution in the TDA network according to climate zones.

content in Fig. 7 highlight very complementary parts of the network.
These ﬁndings have practical signiﬁcance, considering the drainage
properties of soils.
After analysing the whole LUCAS dataset with TDA, it seemed interesting to us to explore various subpopulations of soils according to the
level of organic carbon accumulation. Thus TDA was conducted separately on organic-rich mineral soil, peat soil and mineral soil samples.
Considering these three subsets, different network shapes were naturally obtained.
Considering organic-rich mineral soils only, it is again possible to
generate a new network and apply a color coding according to soil
types, vegetation cover, climate or physico-chemical parameters (Figs.
S8, S9 and S10 respectively in Supplementary materials). Grasslands
and forests are located in rather complementary parts of the TDA network. However, some grasslands (low pH) can be found on forest-like
soils (high pH and CEC), but not the converse. The same relation stands
for CEC when comparing grasslands and forests. For their part, seasonal
crops show a fragmented localization in the network. However these
soils have in general a poor sand content, similar to forests. On the
chemical parameters side, OC (correlated with N concentration)
shows a variable correlation with CEC. Considering climate, organicrich soils from boreal climate zones are well correlated with low pH
values, low CEC and high OC content. Rare organic soils in the Mediterranean region are correlated with the highest values of CaCO3. Sub-oceanic soils correspond most strongly to forest cover, while soils from
boreal regions are related to grasslands.
Considering now peat soils only, it is again possible to generate a
new network and apply a color coding according to vegetation cover,
climate or physico-chemical parameters (Figs. S11, S12 and S13 respectively in Supplementary materials). Grasslands and forests are located
in complementary parts of the network but are not mutually exclusive.
Seasonal crops share nodes with forests. Considering physico-chemical
parameters, P and K are rather correlated but together are in opposition
to CEC. For its part, OC is not correlated with N content. Surprisingly
high CaCO3 content does not correspond to the highest pH values in

this type of soil. This ﬁnding is also related to climate as the same
nodes correspond to semi-arid Mediterranean zone.
Lastly, considering mineral soils only, we generate the last network
and apply a color coding according to vegetation cover, climate or
physico-chemical parameters (Fig. S14, S15 and S16 respectively in Supplementary materials). In this case, seasonal crops exhibit a pattern uncorrelated with any physico-chemical parameter, due certainly to a
complex interconnection between measured parameters. On their
side, permanent crops grow on soils with high pH values and CaCO3
content, while grasslands occupy low-pH soils with high concentration
of OC. Forest soils are linked to high CEC and N contents. Indeed, similarity in the shape of coloring indicates that these parameters are the most
important factors. Silt content in mineral soils is also positively correlated with clay, while negatively correlated with sand content. Correlations are also observed between K and CEC and between OC and N.
The boreal climate pattern resembles that of grasslands, which are characterized by low pH values and high OC contents. Soils in the Mediterranean region show a tendency to be present in high pH and high CaCO3
concentration zones of the network. Mediterranean semi-arid and temperate climate zones follow the trend of clay and silt high values. By applying topological data analysis to the whole LUCAS data set or to
different subsets according to soil types, it is possible to observe that relations between physico-chemical parameters do not occur in the same
ways. More broadly, we can say that such explorations would not have
been obtained with conventional data analysis tools.
4. Conclusion
Thanks to this work, we have demonstrated that topological data
analysis is able to extract hidden relations between physical and chemical properties of soils from a huge data set. Keeping in mind that TDA
results were represented in a single network, the reliability of the method was surprisingly high, showing robustness and precision simultaneously. Over and above that, TDA was performed in a so-called blind
source manner i.e. without any prior knowledge about soil
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Fig. 7. Sample distribution in the TDA network according to chemical and physical parameters: Coarse fragments (%), clay content (%), silt content (%), sand content (%), pH measured from
water solution, pH measured from CaCl2 solution, organic carbon content (OC, g/kg), CaCO3 content (g/kg), nitrogen content (N, g/kg), phosphorus content (mg/kg), potassium content
(mg/kg), cation exchange capacity (CEC, cmol(+)/kg).

characteristics. Looking at the networks generated, it was clearly visible
that data points were grouped according to carbon content. Besides
that, variations of soils suitable for certain type of vegetation were observed as well. Gradients corresponding to climate zone changes have
also shown correlation with soil composition. With this work, topological data analysis has proven its effectiveness when applied to soil science data sets. Indeed it was possible to observe interesting links
between soil types, physico-chemical parameters, vegetation and climate. Keeping this in mind, we could well imagine expanding such exploration to even wider data sets, including more environmental
aspects. Indeed, the complexity of the soil system is the result of interactions between various soil forming factors, such as lithology, climate,
vegetation, hydrology, human activity, time and much more. Thus the
exploration ability demonstrated by TDA in soil science can be helpful
in other areas of environmental science as well. On a more general
note, knowledge about interactions of various physical and chemical
soil parameters could help us to better use land, leading to an awareness
about more efﬁcient ways of soil management, including soil improvement techniques and conservation of soil resources. Current global efforts -such as the sustainable development goals or the voluntary
guidelines for sustainable soil management of the United Nations- are
helpful to change land use practices to secure sustainability of landbased ecosystem services. However, all these efforts can be successful
only if decisions are based on reliable information, considering simultaneously all compartments of the environment at different spatial scales.

Based on these investigations, we are convinced that topological data
analysis could become a necessary tool of choice for an extended exploration of complex soil systems and even at a higher level with environmental analysis.
Supplementary data to this article can be found online at http://dx.
doi.org/10.1016/j.scitotenv.2017.02.095.
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