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PREFACE 

This thesis contains several published manuscripts first-authored and co-authored which were 
sequentially worked on between 2019 and 2021. The two main author manuscripts that form the 
backbone of the current thesis have a common theme, ‘potentially toxic elements (PTEs)’. These 
manuscripts study PTE spatial distributions in soils while applying various multivariate methods 
(i.e. regularization methods and the self-organizing map artificial neural networks) and 
geostatistical methods. The remaining manuscripts cover other aspects relating to potential 
human health risk, soil properties and nutrient assessment. The entire thesis was carried out 
under the supervision of the Department of Soil Science and Soil Protection at the Czech 
University of Life Sciences (CZU), Prague. Various financial aids, those who carried out 
experiments and field activities as well as collaborators in the form of co-authors to this project 
are acknowledged and included in the respective sections of the published manuscripts. The 
primary advisor/supervisor of this thesis was Prof. Dr. Ing. Luboš Borůvka.  

Soil contamination is detrimental as it brings about land degradation in various soil 
environments. The characteristics of soil enable it to naturally host and allow for the mobility of 
PTEs. PTEs in soils originate from lithogenic, anthropogenic, or a combination of these sources. 
Mainly though, anthropogenic sourced PTEs, for example from mining and smelter (Kebonye et 
al., 2021a) are of concern because of their accelerated deposition as well as retention in soil 
environments. As soil contamination resulting from PTEs continues to surge, the need to make 
informed decisions regarding the remediation of these potential environmental threats is a 
priority. Therefore, the adoption and application of multivariate methods for mapping soils have 
been increasing. The current work applies multivariate methods, particularly regularization 
techniques to predict as well as map site-specific arsenic (As) content levels in a highly 
contaminated floodplain area near the Litavka River in Příbram, Czech Republic (Kebonye et al., 
2021a, 2021b).  

Moreover, the thesis explores the suitability of the self-organizing map artificial neural networks 
to delineate PTE hotspots in the same soils (Kebonye et al., 2021b). The value of utilizing the 
abovementioned methods is that they are robust and these have not been widely applied for soil 
contamination studies in the Czech Republic. For the context of this Ph.D. thesis, the 
abovementioned methods have improved the monitoring of PTEs in the study area while 
providing detailed preliminary evidence that would help decision-making by policy-makers 
regarding PTE distribution in the Příbram District (Czech Republic). Moreover, since there is a 
dearth of knowledge regarding the study of floodplain soils in the Czech Republic (Skála et al., 
2017), the current work is a contribution within the context of assessing the spatial distribution 
of PTEs. This thesis is mainly made up of the following publications:  

Kebonye, N.M., John, K., Chakraborty, S., Agyeman, P.C., Ahado, S.K., Eze, P.N., Němeček, 
K., Drábek, O., Borůvka, L. (2021a). Comparison of multivariate methods for arsenic estimation 
and mapping in floodplain soil via portable X-ray fluorescence spectroscopy. Geoderma, 384, 
114792. 

Kebonye, N.M., Eze, P.N., John, K., Gholizadeh, A., Dajčl, J., Drábek, O., Němeček, K., 
Borůvka, L. (2021b). Self-organizing map artificial neural networks and sequential Gaussian 
simulation technique for mapping potentially toxic element hotspots in polluted mining soils. 
Journal of Geochemical Exploration, 222, 106680.  
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Kebonye, N.M., Eze, P.N., John, K., Agyeman, P.C., Němeček, K., Borůvka, L. (2021). An in-
depth human health risk assessment of potentially toxic elements in highly polluted riverine soils, 
Příbram (Czech Republic). Environmental Geochemistry and Health, 1-17. 

John, K., Kebonye, N.M., Agyeman, P.C., Ahado, S.K. (2021). Comparison of Cubist models 
for soil organic carbon prediction via portable XRF measured data. Environmental Monitoring 
and Assessment, 193(4), 1-15. 
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CHAPTER 1 

LITERATURE REVIEW 

1.1. Selected studies on PTEs in Příbram, Czech Republic 

Several studies are documented on PTEs in floodplain soils of Příbram, Czech Republic (Table 
1). Table 1 captures aspects relating to PTE sources, methods of assessment and specific PTEs 
studied. 
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Table 1: Selected studies on PTEs in Příbram, Czech Republic floodplain soils 

PTEs studied Source of PTEs Purpose of study and sampling method Analytical method/form of PTE extraction Reference 

Cd, Zn and Pb  Parent rocks and 
metallurgical activities 

 Profile sampling 

 Pb showed a stronger affinity for 
manganese than iron oxides 

 It was recommended that more 
suitable Sequential extraction 

analysis (SEA) methods are used 

 Flame atomic absorption spectrometer 
(FAAS) Varian SpectrAA 200 HT 

(Australia) 

 Sequential extraction analysis (SEA) was 
used to obtain different PTE fractions 

(i.e. residual, reducible, oxidizable, 
exchangeable and acid extractable). 

 

Vaněk et al. (2008) 

Pb, Cd, Zn, Cu, 
Ag, As and Se 

 

 Parent rocks and 
metallurgical activities 

 Profile sampling 

 Pb was associated with the 
exchangeable/acid-extractable 

fraction of the organic horizons of 
the soils 

 ICP-MS (PQExCell, VG Elemental, 
Winsford, UK) 

 Total digestion using 
HClO4/HNO3/HCl/HF following 

application of a modified SEA to extract 
residual, reducible, oxidizable, 

exchangeable and acid extractable 
fractions 

 

Komárek et al. (2007) 

Sb and As  Geological material 
and metallurgical 

activities 

 Topsoil sampling 

 Based on the five extraction 
methods applied, the Na2HPO4 

outperformed all the other 
techniques. 

 ICP-MS (VG Elemental Plasma Quad 3) 

 Five short-term, single-extraction 
techniques were applied (H2O, CaCl2, 

NH4NO3, DTPA, Na2HPO4) and 
eventually, pseudo-total elemental levels 

were obtained. 
 

Ettler et al. (2007) 

Cd, Zn and Pb  Geological material 
and metallurgical 

activities 
 

 Topsoil sampling 

 Combined approaches where more 
than one method of studying PTEs 

in floodplain soils were 
recommended for a more 

 Not mentioned 

 Aqua regia digestion was applied 

Borůvka and Vácha (2006) 
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comprehensive evaluation. 

Pb, Cd and Zn  Parent rock 
composition and 
anthropogenic 

activities (metallurgical) 
 

 Profile sampling 

 Pb was considered the least mobile 
element in the floodplain soils 

 Flame atomic absorption spectrometer 
(FAAS) Varian SpectrAA 200 HT 

(Australia) 

 Sequential extraction analysis (SEA) was 
used to obtain different PTE fractions 

(i.e. residual, reducible, oxidizable, 
exchangeable and acid extractable) 

 

Vaněk et al. (2005) 

Pb, Cd and Zn  Parent rock 
composition and 
anthropogenic 

activities (metallurgical) 

 Topsoil sampling 

 The organic bound PTEs had 
greater mobility than other 

fractions assessed. 

 Atomic absorption spectroscopy (AAS) 

 Aqua regia digestion was applied 

Borůvka and Drábek (2004) 

Note: Lead (Pb), cadmium (Cd), zinc (Zn), arsenic (As), copper (Cu), silver (Ag), antimony (Sb) and selenium (Se) 
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1.2. Floodplain soils 

Floodplain soils are interesting because of their origin and fertility which tends to encourage high 
agricultural activity near rivers. These soils usually have some bands of fluvial deposits that may 
be sandier, others more silty or clayey which confirm variation within a single sample. Because of 
their detailed stratigraphy, floodplains may be used for the reconstruction of historical 
contamination (Grygar et al., 2012). They occur throughout the world in many different climatic 
areas. Furthermore, because these soils are formed due to deposition by rivers and streams, they 
tend to harbor notable traces of PTEs from a variety of sources. According to Grygar et al. 
(2013), “floodplains in most industrialized countries are polluted by heavy metals”. The main 
challenge of using these soils for agricultural production is the possibility of high PTEs uptake by 
crops or plants growing in such soils which may eventually pose health risks to animals and even 
humans. Unfortunately, in the Czech Republic, some of the floodplain areas are constantly being 
used by small-scale farmers for arable farming, however, not known whether these farmers are 
aware of the potential risks involved in using these soils (Grygar et al., 2021).   

1.3. Context on studied PTEs  

1.3.1. Lead (Pb) 

Lead, a group 14 element is about 15 mg/kg by weight within the earth’s crust (Kabata-Pendias 
and Pendias, 2001). Naturally, acid magmatic rocks and argillaceous sediments slightly have 
higher Pb levels because the element tends to concentrate in these rocks. The most common Pb 
mineral is galenite (PbS). Today Pb is mostly used in the manufacturing of Pb-based acid 
batteries, paint and pottery (Mathee et al., 2017). Unfortunately though, in this era of unfurling 
levels of contamination associated with anthropogenic activities, environmental Pb deposition is 
thriving and becoming difficult to control. The concern with such incidences is with regards to 
potential health hazard risks posed on humans (Mathee et al., 2017). Within a global context, Pb 
in soils is averagely about 27 mg/kg with level variations for different soils in a range between 3-
90 mg/kg. Cambisols and Histosols have shown high concentration levels of Pb relative to 
Arenosols with much lower levels (Kabata-Pendias and Szteke, 2015). In soils with high soil 
organic matter (SOM) content, Pb accumulation due to absorption is expected in the A horizon. 
Generally, Pb distribution in soils is greatly affected by SOM, clay minerals, Fe, Al and Mn 
oxides, sulphides and carbonates (Brady and Weil, 2014; Sipos et al., 2005). 

1.3.2. Zinc (Zn) 

In the case of Zn, it occurs naturally as zinc sulphide (ZnS). This element belongs in the group 
12 section of the periodic table. In the earth’s crust, the Zn concentration level is at least 75 
mg/kg though with varying levels in a range between 50-80 mg/kg (Kabata-Pendias and Szteke, 
2015). Similar to Pb, Zn strongly affiliates with various soil properties (Kabata-Pendias and 
Szteke, 2015). Today, some major uses of Zn are in paint and pesticide production. On average 
Zn concentration levels in worldwide soils ranges between 30-100 mg/kg but slightly higher 
levels may occur in calcareous and organic soils (Kabata-Pendias and Szteke, 2015). Moreover, 
anthropogenic sourcing of Zn from various activities tied to agriculture and mining may also 
elevate their levels in certain soils (Araújo et al., 2017). 

1.3.3. Cadmium (Cd) 

Similar to Zn, Cd belongs to group 12 of the period table. Naturally, its crustal concentration 
ranges between 0.15 – 0.20 mg/kg and it exists mainly in divalent form (Cd2+). There are several 
uses of Cd including alloy, plastic, electroplating and battery manufacturing (Bradl, 2005). Most 



5 
 

of the Cd enrichment in soils is from anthropogenic activities like fertilizer application, sewage 
sludge deposition, mining and smelting. In soils Cd mobility and bioavailability depends greatly 
on its chemical species (e.g. whether soluble, exchangeable, etc.) (Bradl, 2005). Other factors 
affecting the mobility and bioavailability of Cd include pH, Eh (redox potential) as well as 
irrigation and water management (Ye et al., 2018; Kashem and Singh, 2004). Also, Cd2+ free 
cations in soils readily combine with SO4

2- and Cl- anions to form soluble complexes like 
cadmium sulphate (CdSO4 or CdO4S) and cadmium chloride (CdCl+ or CdCl2) (EL-Hefnawy et 
al., 2014). 

1.3.4. Antimony (Sb) 

In soils, Sb tends to interact with various other elements including As and Zn which may suggest 
similar sources and geochemical associations between these elements. Moreover, Sb may be fixed 
by oxides/hydroxides of iron and manganese (Kabata-Pendias, 2011). According to the United 
States Environmental Protection Agency, Sb is one of the priority pollutants of environmental 
and human health concern (Zhou et al., 2018; Frank et al., 2019). The toxicity and carcinogenic 
effects of Sb may depend on its levels or the species of this element. For instance, among the 
two species of Sb occurring in the environment, Sb+3 is considered more toxic than its 
counterpart Sb+5 (Zhou et al., 2018). Sb species have been observed to shift the community 
structure of soil microbes (Kataoka et al., 2018). 

1.3.5. Arsenic (As) 

Arsenic (As) is a metalloid element belonging to group 15 of the periodic table. According to 
Kabata-Pendias (2011), the normal As level in topsoil is 6.83 mg/kg. As is commonly enriched in 
floodplain soils as a result of different anthropogenic activities and continued accumulation (e.g., 
Burton et al., 2014; Li et al., 2020), resulting in human poisoning. According to Li et al. (2020), 
As has already been ranked as the number one toxic substance by the Agency for Toxic 
Substances and Disease Registry (ATSDR). In soils, As occurs in both organic and inorganic 
forms, although the latter is more predominant (Awasthi et al., 2017). Transfer of the inorganic 
form of As [As(III)] into the food chain is considered harmful and toxic (Shrivastava et al., 
2015). 

1.4. Soil properties and PTE interactions in soils 

The distribution, speciation and mobility of PTEs are affected by different soil properties 
including but not limited to soil organic matter (SOM), particle size distribution and soil reaction.  

1.4.1. Soil organic matter (SOM)/Soil organic carbon (SOC) 

SOM is the organic part of soils comprising mainly of living biomass, dead roots/plant residues 
and the colloidal mixture of complex organic substances (humus) (Brady and Weil, 2014). 
Functions of SOM include improving nutrient storage, soil structure, facilitating water holding 
capacity, encouraging plant growth, reducing soil erosion by improving soil aggregation and 
controlling carbon balances in soils (Brady and Weil, 2014; Bot and Benites, 2005). Humus has 
been further divided into humic (i.e. humic acids: HA, fulvic acids: FA and humin) and non-
humic (e.g. polysaccharides, proteins and lignins) substances. Of the two, humic substances (HS) 
can resist microbial degradation when compared to non-humic substances which tend to have 
much simpler structures (Brady and Weil, 2014).  

Also, HS have a strong ability to attract water and cations. These characteristics have enabled 
many researchers to study various aspects relating to HS in various soils (Weber et al., 2018, 
Mandalakis et al., 2018; Pukalchik et al., 2017; Xu et al., 2017; Volikov et al., 2016; Kulikowska et 
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al., 2015). Several studies demonstrate SOM to strongly associate with PTEs for various soil 
environments (e.g. Kebonye et al., 2017; Kwiatkowska-Malina, 2017; Chakraborty et al., 2017). 
SOM is one of the properties that control the chemical behaviour of PTEs. That is, for organic 
matter-rich soils, more PTEs are bound to organic fractions than in soils of lower SOM content.  

Kwiatkowska-Malina (2011) further confirms that SOM decreases the solubility of PTEs in soils 
which then lowers their chances of mobility to potential groundwater sources. In the case of 
alluvial soils, modeling results for the mobility of selected PTEs confirmed SOM to be an 
important absorbent of PTEs (Rennert and Rinklebe, 2017). Rennert and Rinklebe's study 
concluded the need to characterize SOM quantitatively and qualitatively as well as to study its 
interaction with PTEs as this would help in the understanding of soil contaminant dynamics. 
Furthermore, as studied by Li et al. (2017), the interaction between PTEs and SOM is integral in 
assessing soil environmental risks and possible eventual PTEs biofortification in human health-
related issues. 

1.4.2. Soil particle size 

Regarding particle size, fine particles accumulate most of the PTEs (Ajmone-Marsan et al., 2008). 
A study by Zhang et al. (2021) while assessing floodplain soils of Dongchuan, Southwest China 
corroborates the influence of finer particles (e.g. clays and silt) in harboring PTEs. On the 
contrary, the binding of PTEs onto clay reduces their mobility and potential bioavailability or 
leaching to the ground or surface waters. These finer particles are easily transferable into the 
human body by inhalation as well as in the environment because of their sizes (Gong et al., 
2014).  

1.4.3. Soil reaction 

Soil reaction (pH) is also an important property when it comes to PTEs. As the soil pH 
decreases, the bioavailability and mobility of most PTEs increases, this occurrence enhances the 
plants’ ability to absorb/take up these PTEs through their rooting systems (Zeng et al., 2011). 
The reverse effect is expected with the increase in soil pH. It is worth mentioning though that, 
the abovementioned fact regarding pH is true for most heavy metals (e.g. Zn, Cd, Cu, Pb, Ni, 
etc.), for a few other elements (e.g. As, Mo) the mobility increases at higher pH (in alkaline 
conditions). On another note, pH-SOC interaction is also an integral part that controls PTEs 
behaviour in soils. For instance, low pH (acidic conditions) encourages the formation of stable 
compounds of Pb-SOM (Borůvka and Drábek, 2004). According to a study by Ashworth and 
Alloway (2008), at high pH (alkaline conditions), Cu, Ni and Pb solubilities correlated well with 
SOM solubility. All these findings corroborate the co-occurrence of pH and SOC/SOM in soils 
on the broader influence of PTEs behaviour. 

1.5. Multivariate methods for studying soil PTEs pollution 

Several studies apply multivariate methods to study soil PTEs pollution in different parts of the 
world (e.g. Kelepertsis et al., 2006; Golui et al., 2019; Boente et al., 2019; Keshavarzi et al., 2019; 
Yang et al., 2021, etc.). These methods have shown success in elucidating different inter-
elemental interactions. Nonetheless, in their standalone, these methods are unable to elaborate 
on detailed spatial, biogeochemical, or speciation/fractionation aspects regarding these elements. 
Mostly, different studies apply multivariate methods with other approaches that tend to elaborate 
more on detailed biogeochemical aspects of these PTEs (e.g. Rennert and Rinklebe, 2017). 
Others use couple multivariate methods with geostatistical and MLAs to model the spatial and 
spatio-temporal aspects of PTEs in soils (e.g. He et al., 2020; Taghizadeh-Mehrjardi et al., 2021). 
In a study by Jin et al. (2019), geographical information systems (GIS) were successfully 
combined with multivariate methods to elucidate PTE sources in soils of Beijing China.  
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CHAPTER 2 

HYPOTHESES AND AIMS 

Paper 1: Comparison of multivariate methods for arsenic estimation and mapping in floodplain 
soil via portable X-ray fluorescence spectroscopy 

Hypothesis: The use of regularization techniques coupled with pXRF for predicting As is 
expected to yield comparable results to the conventional laboratory method (ICP-OES). 

Aim: The overarching aim of the study was to compare three regularization models: Ridge, 
Lasso, and ENET with MLR for the prediction and mapping of pseudo-total As levels in 
floodplain soil. 

Paper 2: Self-organizing map artificial neural networks and sequential Gaussian simulation 
technique for mapping potentially toxic element hotspots in polluted mining soils 

Hypothesis: It is expected that potentially toxic element hotspots (i.e. very-low and very high-
value concentration levels) are effectively assessed and elucidated based on the application of 
both the self-organizing map artificial neural networks and sequential Gaussian simulation 
techniques. 

Aim: The study aimed to elucidate the variations in PTE concentration and selected soil 
chemical property levels by using sequential Gaussian simulation and also through combining 
self-organizing map artificial neural networks with k–means clustering. 

Paper 3: An in-depth human health risk assessment of potentially toxic elements in highly 
polluted riverine soils, Příbram (Czech Republic) 

Hypothesis: It was anticipated that PTEs with high concentration levels would display high 
hazard quotient (HQ) levels as opposed to those with low concentration levels.   

Aim: This study aimed to comprehensively assess and map PTE contents and contamination as 
well as estimate potential human health risk levels of titanium (Ti), manganese (Mn), arsenic (As), 
rubidium (Rb), strontium (Sr), zirconium (Zr), barium (Ba), lead (Pb) and thorium (Th) for 
floodplains soils of the Litavka River area. 

Paper 4: Comparison of Cubist models for soil organic carbon prediction via portable XRF 
measured data 

Hypothesis: This study hypothesized that since soil organic carbon (SOC) has an extensive 
exchange site and also acts as a binding agent for most ionic metals in the soil system, there may 
be a possibility that portable X-ray fluorescence (pXRF) spectrometry data can be used for the 
estimation of SOC in flooded cultivated soils. 

Aim: The study sought to establish how different pXRF measured data coupled with Cubist 
machine learning algorithms (MLAs) affect soil organic carbon (SOC) estimation in a cultivated 
floodplain.  
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CHAPTER 3 

METHODOLOGY 

3.1. General site description and soil sampling 

The fieldwork was conducted on polluted alluvium adjacent to the Litavka River, Příbram 
District (Czech Republic) in 2018. The area was specifically selected since it is one of the most 
polluted floodplains in Europe (Borůvka et al., 1996). The study area lies between northings -
1078000 and -1080000 as well as eastings -777800 and -777400 (Fig. 1). The area features a 
temperate climate with average annual precipitation ranging between 600 to 800 mm (Köppen 
Climate Classification of Cfb) while temperature ranges between 6.5 and 7.5oC (Borůvka and 
Vácha, 2006). The predominant soils of the area are mainly Fluvisols and Gleysols with grass 
cover (Kotková et al., 2019). This area is known for some agricultural activities facilitated by the 
Litavka River. Příbram has a long history of Pb-Ag mining and smelting activities (Kotková et al., 
2019). Past occurrences such as mining pond leakages, several pond wall breakages and aerial 
deposition by chimneys led to soil PTE enrichment in the location. Moreover, flooding events 
between 1932 and 1952 aided in the mobility of these PTEs to previously unaffected areas 
(Vaněk et al., 2008) and causing secondary pollution of the Litavka River and alluvium (Žák et 
al., 2009). A combination of random stratified, grid, and transect sampling schemes was adopted 
for the collection of 158 surface (0-25 cm) soil samples using a stainless steel auger. Bulk soils 
were properly stored in pre-labeled Ziploc bags for further processing. In the laboratory, each 
soil was first air-dried at room temperature and then sieved through a < 2 mm stainless steel 
sieve. 
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Fig. 1. The study area with sampling points [Note: The samples were collected in 2018, colours 
distinguish the locations where some previous sampling has been done (in 1993 or 2009, red 
points) and new sampling points for better coverage of the area (yellow points)]. 

3.2. Soil elemental analysis 

3.2.1. pXRF measurements 

For better soil elemental analysis by pXRF, part of each soil sample was pulverized to a fine 
powder using a Vibratory Micro Mill (Model Pulverisette 0, FRITSCH, Germany). Subsequently, 
a portion of each pulverized sample was packed into a small plastic pXRF sample holder (~25 
mm in diameter and 15 mm in height) and covered using Prolene thin film (Adler et al., 2020). 
Each sample was then scanned for 60 s using a stand-mounted Delta Premium pXRF (Olympus 
Innov-X, USA) spectrometer linked to a computer preloaded with the pXRF software in Soil 
Mode (e.g., Weindorf et al., 2013; Weindorf and Chakraborty, 2016). Similar to Weindorf et al. 
(2013), the scanning procedure occurred as a sequence involving three beams. To guarantee 
quality control and quality assurance (QC/QA), two certified reference materials [National 
Institute of Standards and Technology (NIST) 2711a and 2709a] were also scanned 
simultaneously and elemental corrections were applied a priori based upon recovery % obtained 
by NIST samples. Each soil was scanned in triplicates (amounting to 180 s total time) and 
elemental averages were computed. A total of 16 elements (U, Hg, Au, W, Sb, Sn, Cd, Ag, Mo, 
Y, Cu, Ni, Cr, Cl, S, and P) with sample elemental values below the pXRF detection limit (< 
LOD) were excluded from the subsequent statistical analysis. The elements used in this word 
were Ti, Mn, Zn, As, Rb, Sr, Zr, Ba, Pb, Th and Fe.  

3.2.2. ICP-OES measurements 

Aqua regia standard method (ISO 11466: 1995) (Melo et al., 2016) was used to extract the soil 
pseudo-total Zn, Cd, Sb, As and Pb followed by measurements via ICP-OES (iCAP 7000, 
Thermo, USA). A blank sample was also intermittently measured via ICP-OES. Each soil sample 
analysis with ICP-OES was performed in duplicate and later averaged. 

3.3. Soil physicochemical properties measurement 

Oxidizable carbon (Cox) was determined based on the acid titration method described by Nelson 
and Sommers (1996). A pH meter was used to determine soil reaction (pH_H2O) levels in a 1:2 
soil: water ratio mixture. 

3.4. Detailed methodology for each part 

3.4.1. Methodology 1: Comparison of multivariate methods for arsenic estimation and mapping 
in floodplain soil via portable X-ray fluorescence spectroscopy 

 Multicollinearity test  

To avoid multicollinearity, a variance inflation factor (VIF) statistic (equation 1) was applied. VIF 
is given by: 

𝑉𝐼𝐹𝑖 =  
1

1 − 𝑅𝑖
2 , 𝑖 = 1, … , 𝑛,                                                                                                               (1) 

where n represents the pXRF elemental predictors used in this study (i.e. Ca, Ti, Zn, As, Sr, Zr, 
Ba, Pb and Th) and R2

i is the coefficient of determination of the i-th term. A predictor variable 
with a VIF output > 10 indicates multicollinearity and thus was not used in the modeling 
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procedure (Tan et al., 2017). That is, pXRF predictors that related more with As (response 
variable) based on the VIF outcome were removed. Multicollinearity was assessed through the 
faraway package (Faraway, 2015) in R version 3.6.0 (R Core Team, 2019). 

 Modeling approach 

1. Data scaling and partitioning  

The whole dataset (i.e. response and predictors) was scaled to a range between 0 to 1 indicating 
the lowest and the highest value, respectively. Moreover, the whole dataset was randomly divided 
into the calibration (70%) and validation (30%) data sets. Each model was fitted using the 
calibration data while the validation evaluated model performance. Ten-fold cross-validation was 
applied to the training dataset for each of the models used in the study and repeated five times. 
All modeling was executed in the R environment. 

2. Multiple linear regression (MLR) 

Originally proposed by Hansch et al. (1962), MLR follows the same principle as a simple linear 
regression, except for using several predictor variables. Initially, As-ICP-OES was predicted via 
pXRF reported variables (equation 2): 

𝐴𝑠 − 𝐼𝐶𝑃 − 𝑂𝐸𝑆 = 𝛽0 +  𝛽1𝑥1 + 𝛽2𝑥2 + … + 𝛽𝑛𝑥𝑛+ ∊                                                              (2) 

where xi represents each predictor variable, β0 denotes the y-intercept, βi indicates the slope 

coefficients for the individual predictor variables and ∊ indicates the error term/residual 
(Rawlings et al., 2001). The Sum of square error (SSE) from MLR is expressed as: 

𝑆𝑆𝐸𝑀𝐿𝑅 = ∑(𝐴𝑖 − Â𝑖)
2

𝑛

𝑖=1

                                                                                                                     (3) 

where SSE, A, and Â represent the model sum of squared error, actual response value, and the 
predicted response value, respectively.  

3. Ridge regression 

Hoerl and Kennard (1970) proposed Ridge regression which is a technique that adds an L2 
shrinkage penalty term to the SSE resulting in the shrinkage of coefficients. As the coefficients 
shrink, the chances of model overfitting are reduced. The L2 penalty term added to SSEMLR gives 
the expression (equation 4) 

𝑆𝑆𝐸𝑅𝑖𝑑𝑔𝑒 = ∑(𝐴𝑖 − Â𝑖)
2

𝑛

𝑖=1

+ 𝜆 ∑ 𝛽2                                                                                               (4) 

where SSERidge is the SSE from the MLR plus the L2 penalty term, β indicates the coefficients and 
λ is the weight of shrinkage.  

4. Lasso regression 

In Lasso regression, an L1 penalty term is added to the model and also causes coefficients to 
shrink (Tibshirani, 1996). This L1 term aids in the feature selection during modeling and is given 
by equation 5 as:  
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𝑆𝑆𝐸𝐿𝑎𝑠𝑠𝑜 = ∑(𝐴𝑖 − Â𝑖)
2

𝑛

𝑖=1

+ 𝜆 ∑ |𝛽|                                                                                              (5) 

where SSELasso is the SSE from the MLR plus the L1 penalty term.  

5. ElasticNet (ENET) regression 

Proposed by Zou and Hastie (2005), ENET regression combines both penalties (i.e. Ridge and 
Lasso) (equation 6):   

𝑆𝑆𝐸𝐸𝑁𝐸𝑇 = ∑(𝐴𝑖 − Â𝑖)
2

𝑛

𝑖=1

+ 𝜆 [(1 − 𝛼) ∑ 𝛽2 + 𝛼 ∑|𝛽|]                                                       (6) 

where SSEENET is computed from the SSE from MLR  plus the L2 and L1 penalties. In addition to 

the two penalties, a mixing parameter α is also added to the model. When α assumes the values 
of 0 and 1, a Ridge model (equation 4) and a Lasso model (equation 5) are retained, respectively. 
The results for using MLR alone versus each of the regularization models were compared at the 
end. These regression models were executed in R through packages, caret (Kuhn et al., 2020), 
glmnet (Friedman et al., 2020), mlbench (Leisch and Dimitriadou, 2015) and psych (Revelle, 2020). 

 Ordinary kriging (OK) and sequential Gaussian simulation (sGs) 

OK was used to map the spatial distributions of As-pXRF, As-ICP-OES and As values 
predicted by the multivariate models (i.e. As-MLR, As-Ridge, As-Lasso and As-ENET). 
According to Bostan et al. (2012), “ordinary kriging (OK) estimate is a linear weighted average of 
the available n observations.” OK applies a variogram, which is used to analyze the spatial 
structure of a variable in this case As (Zhu and Lin, 2010). As an expression OK is given by 
equation 7 as, 

𝑍∗(𝑠) = ∑ 𝜆𝑖𝑍(𝑠𝑖)

𝑛

𝑖=1

                                                                                                                              (7) 

where Z*(s) is the OK estimates at point s, λi and si denote the OK weighted coefficient and the 
observation point, respectively (Bostan et al., 2012). Conditional Gaussian Simulations (cGs) for 
As-pXRF, As-ICP-OES, As-MLR, As-Ridge, As-Lasso and As-ENET were also generated 
through Sequential Gaussian Simulation (sGs), each cGs as an average of n = 500 possible 
realizations (‘truths’) according to Heuvelink (2019). The cGs maps were used to assess the spatial 
uncertainty of the predictions and were computed as the conditional simulation equal to the 
kriging estimates plus the estimated error.  

One of the assumptions for OK is that the variable of interest should have a normal distribution 
(Hengl, 2009). Hence, As-pXRF and As-ICP-OES levels were first cube root transformed to 
obtain an approximately normal distribution of the data before mapping. The cube root 
transformation can handle data that has a positive-skewed distribution (Cox, 2011), which the 
current study data had. To evaluate the performance of the spatial interpolations, five-fold cross-
validation was executed following Pebesma and Wesseling (1998) and Pebesma (2004). Both OK 
and cGs were implemented using R packages rgeos (Bivand et al., 2020a), rgdal (Bivand et al., 
2020b), gstat (Pebesma and Graeler, 2020), sp (Pebesma et al., 2020), MASS (Ripley et al., 2020) 
and colorRamps (Keitt, 2015). Fig. 2 schematically displays the experimental design. 
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Fig. 2. Schematic diagram illustrating the experimental design 

 Model and map accuracy assessment 

To assess the prediction accuracies for the models and maps, the following indicators were 
applied: bias, mean absolute error (MAE), root mean squared error (RMSE), and the coefficient 
of determination (R2). 

𝑏𝑖𝑎𝑠 =
1

𝑛
∑(Â𝑖 −

𝑛

𝑖=1

 A𝑖)                                                                                                                        (8) 

𝑀𝐴𝐸 =
1

𝑛
∑|A𝑖 − Â𝑖|

𝑛

𝑖=1

                                                                                                                        (9) 

𝑅𝑀𝑆𝐸 = √
1

𝑛
∑(Â𝑖 − A𝑖)

2
𝑛

𝑖=1

                                                                                                             (10) 

𝑅2 = 1 −
∑ (A𝑖 − Â𝑖)

2
𝑖

∑ (A𝑖 − Ā)2
𝑖

                                                                                                                     (11) 

In the preceding equations, n denotes the sample size, Ai and Âi are the actual response and the 
predicted response, respectively, for the i-th observation, Ā denotes the average value of the 
response variable. 

3.4.2. Methodology 2: Self-organizing map artificial neural networks and sequential Gaussian 
simulation technique for mapping potentially toxic element hotspots in polluted mining soils 
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 Self-organizing map artificial neural networks (SeOM–ANN) algorithm 

1. The basic principle behind SeOM –ANNs 

The Kohonen map famously called SeOM–ANN is an unsupervised algorithm comprising of 
two layers, the input layer and output layer (Li et al., 2018; Liao et al., 2019) (Fig. 3). Analysis 
through SeOM–ANN allows each sample (i.e. each topsoil sample in this study) to be “treated as 
an n-dimensional input vector defined by its variables” (Li et al., 2018). The input layer provides 
information to the input vector to form a neural network. Each network is connected to an 
output vector via one weight vector (Melssen et al., 1994; Li et al., 2018). A resultant SeOM–
ANN output is an orderly two-dimensional map comprising of individual neurons/nodes (Fig. 3) 
(Merdun, 2011; Li et al., 2018; Liao et al., 2019). All nodes are connected in the form of a 
honeycomb as in Fig. 3 below. 

 

Fig. 3. Schematic representation of SeOM–ANN architecture. 

A Kohonen learning algorithm is used to train the SeOM network following six main steps, 1) 
preliminary step, 2) input, 3) selection of winner units, 4) declaration of winner neighborhood, 5) 
adaptation of weight vectors and 6) stopping step. These steps are detailed by Li et al. (2018) and 
Kalteh et al. (2008). According to Kohonen (1995) and Nourani et al. (2016), a SeOM network is 

trained through a series (i.e. many) of iterations (n = 100 is the default and was used in the 
current study, Fig. 4). According to Fig. 4, the initial mean distances between neurons were high 
and immediately they dropped meaning that there was no need to use 100 iterations, even with 
less iteration the outcome of the SeOM-ANN would remain the same. These iterations are 
meant to ordinate the input vectors (Kohonen, 1998; Park et al., 2014; Li et al., 2018). In this 
study, SeOM–ANNs were performed in R Studio through the kohonen package. Pre-processing 
of data involved normalizing the data using the scale function in R, initializing and model 
training as well as data visualization respectively. 
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Fig. 4. SeOM–ANN training progress output for this study. 

2. Selection of map size 

Selecting a suitable map size is important. A small map size will not depict all the details and 
patterns expected compared to a big map size which allows for visibility and clarity of all details 
(Park et al., 2004). In this study, a map size of 5 by 13 was used. It yielded 65 nodes in total. In 
selecting the map size, the equation by Vesanto and Alhoniemi (2000) which suggests an optimal 
neuron number to be close to 5√n was used. The prefix n represented the total number of 

samples assessed. For this study, n = 158. The resultant calculations returned a map size of 62.85. 
To finalize which map size to use, a range of possible map sizes between 60 and 70 was 
proposed. It is from this range that an average map size was opted for, in this case, 65. Further 
validating the map size of 65, several map sizes between 60 and 70 were tested based on average 
quantization error (AQE) results. The AQE is given by,  

𝐴𝑄𝐸 =
∑ ∥ 𝑥𝑖

𝑛
𝑖=1 − 𝑤𝑖

𝑐 ∥

𝑛
                                                                                                                     (1) 

Where n represents the number of input vectors used to calibrate the map, xi - wi
c is the average 

distance between input vector x and the weight vector of the winner node (Natita et al., 2016). 
The map size with the least AQE was considered suitable for subsequent use in the study (Li et 
al., 2018). In this case, a map size of 65 was considered appropriate. Moreover, somehow being 
in between 60 and 70 a map size of 65 reduced possibilities of having few details showing in the 
map in case of fewer neurons (e.g. 60–62) and likely over-fitting in cases of more neurons (e.g. 

66–70). The results for the various map sizes versus AQEs were such that a 6 by 10 = 60 yielded 

AQE = 0.39; 8 by 8 = 64, AQE = 0.33; 4 by 16 = 64, AQE = 0.32; 5 by 13 = 65, AQE = 0.31 

and 6 by 11 = 66, AQE = 0.31 respectively. 
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3. Visualization of component planes 

Potentially toxic elements and soil property data were depicted as component planes. In the 
components, there are colour gradients that represent the levels for each variable. Each colour 
assigned to a node in a component corresponded to the level (category) measured. The more 
intense red colours represented the very high-value levels, lighter green colours the moderate 
value levels and the intense blue colours represented the very low-value levels (Fig. 5). The Likert 
scale in Fig. 5 was used as a guide to categorize the level of intensity for each variable measured, 
not as an indicator of soil contamination levels. Closer components were judged based on their 
colour gradients (Li et al., 2018). Consistent colour gradients indicated a positive correlation 
while inconsistent ones suggested a negative correlation. As reported by Li et al. (2018), the 
similarities and contrast between components were established through PCA in R. 

 

Fig. 5. Proposed Likert scale showing individual value levels for each colour used in a 
component. 

 k–means clustering algorithm 

One of the limitations of SeOM–ANNs is the inability to show clear delineations of the output 
neurons in terms of clusters and/or subgroups (Park et al., 2003). This may be manually inferred 
from a neighbor distance plot (U-Matrix algorithm) (Li et al., 2018), although it may not be the 
best way to determine the cluster boundaries. Hence, a k–means clustering algorithm was used 
to confirm the various cluster boundaries produced by the U-Matrix algorithm. This plot is 
meant to classify samples of similar features into k number of groups (Merdun, 2011). The 
classification success of the groups is ensured by minimizing the sum of squares of the distance 
between the data and respective cluster centres. The elbow/withinss and silhouette methods 
were used to establish the optimal number of clusters for the scaled/normalized data. All 
iterations and plots were performed in R using factoextra, ggplot2 and NbClust packages. 

 PCA algorithm 

The PCA algorithm finds application in the extraction of principal components responsible for 
variations in the dataset (Borůvka et al., 2005; Kebonye et al., 2020). According to Brahim et al. 
(2011), PCA follows a linear equation. In this study, PCA was simply used to reduce the 
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dimensionalities of the PTE and selected soil properties, thereby projecting the visual 
relationships between the different components. It also provides insight into the similarities, 
differences, co-existence, or mutual dependence between different variables (Borůvka et al., 
2005; Kebonye et al., 2020). Results for PCA were also used to validate the results of the 
correlation matrix. For PCA, data needs to be scaled to obtain a level plane to ease comparison. 
According to Borůvka et al. (2005) having executed the PCA procedure, the first three 
components are usually obtained. These components are further rotated through a Varimax 
rotation procedure to derive the coefficients (Borůvka et al., 2005). For a detailed discussion on 
PCA, please refer to Borůvka et al. (2005). 

 Geostatistical modeling 

To run a conditional simulation of an area, first of all, ordinary kriging estimates have to be 
generated. “An ordinary kriging (OK) estimate is a linear weighted average of the available n 
observations,” (Bostan et al., 2012). The sGs was used to map the spatial distributions of the 
PTEs following Heuvelink (2019). “Simulation is used to mean the creation of values of one or 
more variables that emulate the general characteristics of those we observe in the real world” 
(Webster and Oliver, 2007). In sGs individual grid cells are sequentially simulated one after the 
other (Webster and Oliver, 2007). In this study, sGs was used to generate 500 conditional 
Gaussian simulations (cGs) for each PTE with a final average cGs generated at the end. The 
conditional Gaussian simulation referred to the fact that there was conditioning data or existing 
observations used to ‘condition’ the simulation outcomes.  

As elaborated by Webster and Oliver (2007), the steps followed in conducting the sGs involved 
(1) ensuring that each PTE data has an approximately normal distribution by applying the log-
transformation where needed, (2) a semi-variogram for each PTE was generated, (3) 
specification of the grid cells to use for simulation (i.e. 27,053 pixels for the current study), (4) 
randomly selecting points that would generate each of the 500 realizations, (5) simulate each of 
the selected points. More details regarding both sGs and cGs are provided by Webster and 
Oliver (2007). It is worth noting that simulations were performed on PTE levels and not 
principal components (PC) of the PTEs. To assess the performance of the spatial interpolations, 
a five-fold cross-validation was applied (Pebesma, 2004). The accuracy indicators used were 
mean error (ME), root mean square error (RMSE) and the coefficient of determination (R2) 
(refer to equations 8, 10 and 11 in section 3.4.1). All mapping procedures were performed using 
R packages gstat, sp, MASS, rgeos, rgdal and colorRamps. 

 Statistical analysis 

Data visualizations and analyses were achieved through IBM Statistical Package for Social 
Scientists (SPSS) version 20 and R Studio (3.5.4) (R Core Team, 2019). A Tukey post hoc test at 
an alpha of 0.05 was performed for mean comparisons of distinct variables between clusters. 
Descriptive statistics including minimum and maximum values, averages, standard deviations, 
skewness and percentiles of the data were generated. There were two missing values in the Cox 
(%) dataset. The mice package in R was used to conduct a multivariate imputation by a chained 
equation, where a predictive mean matching (PMM) approach was used to predict the two 
missing values. The first imputation values for each missing dataset were selected as optimal and 
suitable. Geostatistics assumes a normal distribution of the data. As such, before mapping the 
PTEs with sGs, the Shapiro-Wilks test for normality was applied to the data to confirm which 
PTEs had or did not have a normal distribution. The correlation matrix between the variables 
and spatial distribution maps were also performed through R. Data used in k–means and PCA 
plots were normalized. Generally, the study flowchart is shown in Fig. 6 below. 
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Fig. 6. Flow chart showing the relationships among the methods. 

3.4.3. Methodology 3: An in-depth human health risk assessment of potentially toxic elements 
in highly polluted riverine soils, Příbram (Czech Republic) 

 Soil pollution and health risk assessment  

Numerous indices have been used to estimate pollution levels in soils (Kowalska et al., 2018). In 
the current study, the pollution indices used were the enrichment factor (EF), pollution index 
(PI) and pollution load index (PLI) (eq. 1, 2 and 3 respectively). The EF was used for its ability 
to reduce elemental variability in soils, PI could evaluate the degree of pollution in topsoils and 
the PLI allowed for multiple PTEs to be combined while also utilizing already obtained PI values 
(Kowalska et al., 2018). 

1. EF assessment 

The EF is given by the equation:  

𝐸𝐹 =

(
𝐶𝑥

𝐶𝑎
⁄ ) 𝑠𝑎𝑚𝑝𝑙𝑒

(
𝐶𝑥

𝐶𝑎
⁄ ) 𝑏𝑎𝑐𝑘𝑔𝑟𝑜𝑢𝑛𝑑

                                                                                                             (1) 

where, (Cx/Ca) sample represents the concentration (C) ratio between the element of interest “x” 
and a reference element (iron, Fe) “a” in a topsoil sample, and (Cx/Ca) background is the concentration 
ratio between the element of interest and the reference element (Fe) in a local geochemical 
background (LGB) sample. The reason for using Fe as a reference element for normalization 
when calculating the EFs levels is because Fe is mainly of lithogenic origin and is a relatively 
stable element in soils. Further details on the selection of a reference element are provided by 
Kebonye and Eze (2019). The division of EF levels was in six main classes (Chai et al. 2017), <1 
(No enrichment (NE)), 1-3 (Minor enrichment (MiE)), 3-5 (Moderate enrichment (MoE)), 5-10 
(Moderately severe enrichment (MoSE)), 10-25 (Severe enrichment (SE)), 25-50 (Very severe 
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enrichment (VSE)) and >50 (Extremely severe enrichment (ESE)). This study used world 
average values for uncontaminated soils suggested by Kabata-Pendias, (2011) to aid in 
comparison with other existing studies particularly in Europe (e.g. Rinklebe et al., 2019) which 
have also applied similar thresholds. 

2. PI assessment 

PI is given by the equation:  

𝑃𝐼 =
(𝐶𝑥)𝑠𝑎𝑚𝑝𝑙𝑒

(𝐶𝑥)𝑏𝑎𝑐𝑘𝑔𝑟𝑜𝑢𝑛𝑑
                                                                                                                             (2) 

This evaluates the concentration ratio between the element of interest in a sample [(Cx)sample] and 
LGB [(Cx)background] of that same element (Kowalska et al., 2018). This time a reference or proxy 
element previously used in the EF assessment is excluded. In PI, the pollution classification is 
based on four main divisions, <1 [No pollution (NP)], 1-3 [Moderate pollution (MP)], 3-6 
[Considerable pollution (CP)] and >6 [Very high pollution (VHP)] (Malkoc et al., 2010; Sayadi et 
al., 2015). 

3. PLI assessment 

PLI is computed as a geometric mean of individual PI values through the equation: 

𝑃𝐿𝐼 = (𝑃𝐼1 ∗  𝑃𝐼2 ∗  𝑃𝐼3 ∗ … ∗ 𝑃𝐼𝑛)
1
𝑛                                                                                                (3) 

where each PI represents the ratio in equation 2 for individual PTEs 1, 2, …, n. Their product is 
raised to the power 1 over n, “n” is the total number of PTEs studied. Significant pollution levels 
are PLI’s greater than 1 (PLI > 1) (Rinklebe et al. 2019).  

4. Health risk assessment of children, women and men 

Risk assessments for children (C), women (W) and men (M) exposed to topsoil pollution by 
PTEs were evaluated by first computing the ingestion Average Daily Doses (ADDingestion in 
mg/kg/day) for each human group (C, W and M) (Rinklebe et al., 2019) as follows: 

𝐴𝐷𝐷𝑖𝑛𝑔𝑒𝑠𝑡𝑖𝑜𝑛 =
𝐶𝑥 ∗ (𝐼𝑅 ∗ 𝐸𝐹𝑟𝑒𝑞 ∗ 𝐸𝐷 ∗ 10−6)

(𝐵𝑊 ∗ 𝐴𝑇)
                                                                           (4) 

where Cx is the concentration of the element of interest in the soil as used in both EF and PI 
equations (mg/kg); IR being the soil ingestion rate expressed in mg/day (child: 200 mg and adult: 
100 mg dust per day); EFreq is the exposure frequency in days/year (child: 350 and adult: 250 
days per year); ED as the exposure duration in years (child: 6 years and adult: 25 years); 10-6 for 
unit conversion in kg/mg; BW is the average body weight in kg (child: 15 kg, adult male: 68 kg 
and adult female: 58 kg); and AT as the average time (ED * 365 days) (child: 2190 days and 
adult: 9125 days). All these calculations were performed similarly by Rinklebe et al. (2019). 
Secondly, ingestion Hazard Quotients [HQ(s)] (unit less) for each element were computed 
according to the following equation, 

𝐻𝑄𝑖𝑛𝑔𝑒𝑠𝑡𝑖𝑜𝑛 =
𝐴𝐷𝐷𝑖𝑛𝑔𝑒𝑠𝑡𝑖𝑜𝑛

𝑅𝑓𝐷𝑖𝑛𝑔𝑒𝑠𝑡𝑖𝑜𝑛
                                                                                                               (5) 
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where RfDingestion represents the oral reference dose (mg/kg/day) for each PTE. The RfD(s) for 
each element were Ti = 4 (EPA Region 9, 2008), Mn = 0.14, Zr = 0.00008 (EPA, 2019), Zn = 
0.3, As = 0.0003, Sr = 600, Ba = 0.07, Pb = 0.0035 (Rinklebe et al. 2019), while those for Rb and 
Th were unavailable. HQs greater than 1 were considered indicative of a high likelihood of 
hostile health effects in either children or adults.      

 Data processing, visualization and statistical analysis  

Data visualization was performed in R Studio 3.5 (R Core Team, 2019). These include boxplots 
for soil chemical property data (Cox, Fe and pH_H2O), PTE (Ti, Mn, Zn, As, Rb, Sr, Zr, Ba, Pb 
and Th) concentration and pollution (EF, PI and PLI), ADD and HQ levels. Potentially toxic 
element distribution maps depicting concentration and pollution levels were also made. A 
correlation matrix showing the relationship between PTEs and selected soil chemical properties 
was drawn. 

3.4.4. Methodology 4: Comparison of Cubist models for soil organic carbon prediction via 
portable XRF measured data 

 Machine learning approach 
 
1. Data handling and processing for machine learning 

To estimate SOC, data was split into 80% (calibration) and 20% (validation) sets. Tenfold cross-
validation repeated five times was applied on the calibration set throughout all the Cubist models 
via R packages glmnet, mlbench, caret, and psych (R Core Team, 2019). The calibration set was used 
to train the model while validation was used for model generalization. 

2. Cubist 

Cubist is developed as an extension of the M5 tree model (Quinlan, 1992). According to Kuhn 
(2014), the model structure consists of a conditional component or piecewise function acting as a 
decision tree, coupled with multiple linear regression models. In theory, in the Cubist regression 
model, the tree grows, and the endpoint contains a linear prediction model while the branches 
are regarded as a series of “if-then” rules. The tree is reduced to a set of rules, which initially are 
paths from the top of the tree to the bottom. Rules are eliminated via pruning or combined for 
simplification. Moreover, as long as the covariates’ set satisfies the rule’s conditions, the 
corresponding model calculates the predicted value. The Cubist method’s main benefit is to add 
multiple training committees and boosting to make the weights more balanced. The prominent 
application of Cubist is to analyze a large number of databases that contain a massive number of 
records and numeric or nominal fields (Kuhn, 2014; Quinlan, 1992; Wang et al., 1997). More so, 
when a series of covariates fulfils a rule’s condition, the associated model will be applied to 
calculate the predictive value. The Cubist model adds boosting with training committees (usually 
greater than one) which is similar to the method of “boosting” by sequentially developing a 
series of trees with adjusted weights. The number of neighbors in the Cubist model is applied to 
amend the rule-based prediction (Kuhn, 2014). Modeling with Cubist via the Cubist package was 
performed in the R platform (R Core Team, 2019). 

3. Machine learning method performance evaluation 

The performance of each MLA was evaluated through the mean absolute error (MAE), root 
mean square error (RMSE), and the coefficient of determination (R2) (consider equations 9 to 11 
in section 3.4.1). A good model prediction was expected to have low MAE and RMSE as well as 

an R2 value close to 1. Li et al. (2016) propose a classification criterion for R2 values: R2 < 0.50 
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(unacceptable prediction), 0.50 ≤ R2 < 0.75 (acceptable prediction) and R2 ≥ 0.75 (good 
prediction). The same criterion was applied in the current study. 

 Geostatistical approach 

In this study, the ordinary kriging (OK) method used each Cubist model SOC predictions to 
map the spatial distributions. This kriging approach employs the semivariogram to explain the 
spatial continuity (autocorrelation). The semivariogram estimates the strength of the statistical 
correlation as a function of distance. The range is the distance at which the spatial correlation 
disappears, and the sill corresponds to the maximum variability in the absence of spatial 
dependence (Wang et al., 2013). 
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CHAPTER 4 

SYNTHESIS AND CONCLUDING REMARKS 

4.1. Synthesis of key findings 

Suffice to say, the current thesis has demonstrated the effectiveness of using multivariate, 
geostatistical methods and MLAs (i.e. regularization and the self-organizing map artificial neural 
networks) for assessing and mapping PTEs in floodplain soils of Příbram, Czech Republic. It 
was investigated in this thesis that regularization methods (i.e. Lasso, ENET and Ridge) coupled 
with pXRF measurements were able to yield somewhat comparable results to the conventional 
method applied (i.e. ICP-OES) (Kebonye et al., 2021a). However, it is worth mentioning that 
applying MLAs coupled with proximal sensor obtained measurements cannot in their stand-
alone replace conventional methods like the ICP-OES. Rather, such an approach to apply 
statistical methods in soil-related studies is aimed at providing alternative ways of assessing PTEs 
at lower costs while also ensuring that reliable elemental measurements are obtained based on 
robust estimation. Moreover, based on the outcome of using self-organizing map artificial neural 
networks (SeOM-ANN) together with the sequential Gaussian simulation (sGs) (Kebonye et al., 
2021b), it was made easy to elucidate the PTEs hotspots (i.e. very low and very high 
concentration levels). In line with the aims outlined in Chapter 2, the current thesis contributed 
in the following way: 

Paper 1: Comparison of multivariate methods for arsenic estimation and mapping in floodplain 
soil via portable X-ray fluorescence spectroscopy 

 All the As prediction models (i.e. Ridge, Lasso, ENET and MLR) showed a linear 
relationship between the response (As-ICP-OES) and the predictor variables (pXRF 
measured data) used for the Příbram floodplain soils. Notably, MLR, Lasso and ENET 
models produced similar prediction accuracy. Nevertheless, none of the models displayed a 
perfect fit resembling the 1:1 line. The majority of samples with low As values were well 
predicted in all four models. Model results were satisfactory as indicated by the accuracy 
indicators (i.e. MAE, RMSE and R2). Moreover, the difference between the models was 
trivial since all performed equally. While using the cubist and PLSR models on a slightly 

larger sample size (n = 301), Xu et al. (2020) estimated As levels via pXRF measurements for 

cropland topsoils (0–20 cm) which produced validation RMSE values of 5.24 mg/kg (PLSR) 

and 4.03 mg/kg (cubist) relative to scaled RMSE values of 0.03 in the current work. Notably, 
the present study (utilizing the four different multivariate models) produced higher validation 
R2 values, ranging from 0.94 to 0.95, as compared to the simple linear regression targeting 

soil As via As-pXRF (i.e. validation R2 = 0.73) (Hu et al., 2017), clearly highlighting the utility 
of auxiliary predictors for predicting soil As levels. Despite the success of applying 
regularization methods for estimating As levels in the floodplain soils, Sharma et al. (2015) 
warrant the need to test the applicability of MLAs couple with pXRF measurements across 
more soil types for a more robust and parsimonious model outcome. The current study was 
only limited to a single site and we recommend that future work should evaluate model 
performances over larger areas as well as using more soil samples.     
 

 Applying regularization methods (Ridge, Lasso and ENET) coupled with pXRF to estimate 
As levels in the floodplain soils yielded somewhat comparable results to those for ICP-OES. 
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The pXRF produces direct measurements of As from its X-ray spectra. However, the 
application of regularization methods using auxiliary pXRF elements (i.e. Ca, Ti, Zn, Sr, Zr, 
Ba, Pb, Th for this study) along with As-pXRF stems from the fact that multivariate 
modeling can compensate for some of the shortcomings of the pXRF device (e.g., high 
limits of detection for certain elements and some elements not being directly measurable), 
making pXRF sensors capable of predicting elemental concentrations in soil at comparable 
levels of accuracy to conventional laboratory analyses like ICP-OES. 
 

 The deposition and sedimentation of the alluvium in the study area were attributed to having 
influenced the As distribution observed in the prediction maps. Moreover, the flooding 
events that occurred in the area in 1932, 1954, 1977, 1979, 1980, 1981, 1983, 1986, 1995, and 
2002 (Vaněk et al., 2008) were speculated to have also contributed to the transportation and 
redistribution of the polluted alluvium deposits towards regions of the maps showing 
elevated As content levels. These findings corroborate pre-existing knowledge in the 
literature regarding the mobility and distribution of PTEs in floodplain soils (e.g. Grygar et 
al., 2012; 2013; 2021).  
 

 The pXRF was considered to be a reliable tool for the estimation and mapping of As 
concentration levels in polluted temperate floodplain soils. Similar conclusions regarding the 
pXRF have been drawn in different studies (e.g. Adler et al., 2020; Xu et al., 2020).  

Paper 2: Self-organizing map artificial neural networks and sequential Gaussian simulation 
technique for mapping potentially toxic element hotspots in polluted mining soils 

 Generally, the sequential Gaussian simulation (sGs) results showed proper delineation of the 
PTE hotspots within the area with much detail and high resolution. This result validated the 
use of stochastic simulation methods in soil-based research particularly for studying PTE 
concentration levels. Similar to paper 1, we attributed the spatial distribution and patterns of 
the PTEs observed to previous flooding events. Apart from the way of sedimentation and 
floods, other factors including soil type, slope, land use, elevation and vegetation cover have 
also been shown to influence PTE distribution for different soils of the world (for example 
Eze et al., 2010; Santos-Francés et al., 2017; Zhang et al., 2018). 
 

 The self-organizing map artificial neural networks were able to identify patterns in the data 
which methods like the principal component analysis (PCA) were unable to reveal. 
Moreover, self-organizing map artificial neural networks were able to classify the study 
sample points based on different component planes (Cd, As, Pb, Sb, Zn, SOC and pH). The 
SeOM-ANN is a robust dimensionality reduction method that has demonstrated success in 
soil pollution assessment as highlighted in many other studies (e.g. Cheng et al., 2017; Wang 
et al., 2020). Based on the outcome of the current work the SeOM-ANN was recommended 
for use in studies involving PTEs.    

Paper 3: An in-depth human health risk assessment of potentially toxic elements in highly 
polluted riverine soils, Příbram (Czech Republic) 

 The spatial variability and distribution of the least studied PTEs are rarely considered in soil-
based studies and more explicitly for floodplain soils; thus, the spatial distributions of PTEs 
including titanium (Ti), manganese (Mn), rubidium (Rb), strontium (Sr), zirconium (Zr), 
barium (Ba) and thorium (Th) were mapped. Moreover, their potential human health risks 
were also evaluated to contribute to the body of knowledge concerning floodplain soils in 
temperate environments. According to the study results, particularly the estimates of the 
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hazardous quotient (HQ), it showed that children are at a higher exposure risk for most of 
these PTEs compared to adults, and these results are in agreement with related studies 
(Rinklebe et al., 2019; Mensah et al., 2020; Jadoon et al., 2020). According to Jadoon et al. 
(2020), children are at higher risk of exposure to these PTEs because of activities related with 
hand to mouth practices (e.g., finger-licking, unlimited eating from the ground). Moreover, 
HQ mean levels for As and Zr (i.e., for all human groups) were all higher than the threshold 
of 1 as well as that of Pb in children. The floodplain topsoils pose a health risk with regards 
to As and Zr in all human groups and particularly Pb in children. Based on the results of this 
study, it was recommended that regular community awareness and education campaigns 
should be performed for locals living around affected soils to ensure successful intervention 
since most people may be unaware of the potential risks associated with PTEs. Parents 
should always keep a close eye on little children as they are the most vulnerable group. 
Regarding the floodplain soils, there is a need for larger investments and research in line with 
modern advanced precision mapping techniques such as Digital Soil Mapping (DSM) 
(McBratney et al., 2003). These techniques are expected to help facilitate intermittent 
identification of PTE hotspots within affected areas. Thus, several remediation techniques 
could later be tested at each hotspot area for possible PTE remediation. For example, 
remediation techniques involving: containment (e.g., encapsulation), extraction and removal 
(e.g., phytoremediation), as well as solidification and stabilization (e.g., vitrification) (Liu et 
al., 2018). In some instances, low-cost amendments have somehow proven effective in the 
immobilization of certain PTEs in floodplain soils of Germany (Shaheen and Rinklebe, 
2015). 

Paper 4: Comparison of Cubist models for soil organic carbon prediction via portable XRF 
measured data 

 The prediction of soil organic carbon using the Cubist model coupled with all the pXRF 
measurements as predictors yielded much better results than when using selected predictors 
based on specified criteria. Similar to the paper 1 conclusion, the pXRF was also considered 
a practical unconventional analytical method for predicting and mapping SOC levels in a 
floodplain area provided more pXRF data are applied than fewer of them. However, it is 
worth mentioning that the pXRF succumbs to limitations in that various factors affect 
measurements obtained. According to Ravansari et al. (2020), some of these factors include 
but are not limited to sample moisture content, heterogeneity, geometry or shape, film 
thickness (i.e. prolene film), matrix interferences and the drift over time of the instrument. 
These factors are perhaps highlighted as the weaknesses of the study and should be taken 
into consideration in future studies for a more holistic approach.     

4.2. Concluding remarks 

This thesis was aimed at contributing knowledge on the application of multivariate methods for 
assessing PTEs in temperate floodplain soils of Příbram, Czech Republic. The initial work 
focussed on applying regularization methods for the prediction and mapping of As 
concentration levels in the soils. Based on the prediction results the models applied had trivial 
differences based on the accuracy indicators (i.e. MAE, RMSE and R2). There were minimal 
visual-spatial differences between the As measured with pXRF and ICP-OES as well as 
predicted with MLR, Ridge, Lasso and ENET. However, based on the As map RMSE results, 
the regularization methods slightly yielded lower RMSE than the other predictions. Generally, 
the pXRF was considered a reliable unconventional analytical method for the assessment of 
PTEs in soils. Other findings within the same study area showed the value of using SeOM-ANN 
together with sGs for visualizing and identifying PTE hotspots on a quest to facilitate effective 
land evaluation and monitoring. From the study, it was recommended that special attention be 
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paid to the identified hotspots (i.e. very high content levels) for possible remediation. 
Furthermore, concerning potential health risk assessment of the study soils, children were found 
to be vulnerable to PTEs exposure. Moreover, the highest hazard quotients (HQ) levels for 
distinct human groups (i.e. children, women and men) were observed for As, Zr and Pb. 
Zirconium, which was a less likely element to pose a health risk in humans, was surprisingly 
found to have high HQ despite having low contamination levels. Nonetheless, it was concluded 
that Zr should be kept in check despite its low contamination occurrence in the soils. In another 
study, the potential of pXRF for predicting soil properties (i.e. SOC) was evaluated. The SOC 
model accuracy results were compared while using different pXRF predictors (i.e. using all 
predictors, using highly correlating predictors as well as the important predictors based on the 
variable importance plot). The results showed that using more pXRF predictor variables 
improved SOC model results when compared with using fewer predictors. Generally, the current 
thesis showed the value of using multivariate methods for soil contamination assessment. These 
methods are needed by policymakers, environmentalists and soil health experts for precise soil 
monitoring and proper decision making.       
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A B S T R A C T   

Rapid, inexpensive, and equally reliable estimates of potentially toxic elements are a necessity; portable X-ray 
fluorescence (pXRF) spectrometry is a handy tool to help achieve such. The current study sought to compare 
multiple linear regression with three regularized regression models [Ridge, Lasso, and ElasticNet (ENET)] for the 
estimation of total arsenic (As) using pXRF datasets in polluted temperate floodplain soils of Příbram, Czech 
Republic. A total of 158 surface (0–25 cm) floodplain surface soil samples were collected from a specific site in 
Příbram. Models were evaluated separately and compared based on mean absolute error (MAE), root mean 
squared error (RMSE) and the coefficient of determination (R2). All four models were able to predict As with 
good accuracy (MAE and RMSE values of 0.02 and 0.03, respectively, and R2 values ranging from 0.94 to 0.95). 
As measured via pXRF as well as predicted via the four regression models produced similar spatial variability as 
shown by the standard laboratory-measured As using ordinary kriging and Conditional Gaussian Simulations 
(CGS), although the latter produced more details of As spatial distribution in floodplain soils. Future research 
should include other auxiliary predictors (e.g., soil physicochemical properties, other various sensor data) as well 
as cover a wider range of soils to improve model robustness.   

1. Introduction 

The expansion of industrialization and urbanization has led to 
increased deposition of potentially toxic elements (PTEs) such as Pb, Cd, 
As, and Hg in the environment. These PTEs are notorious for serious 
human health and environmental risks (Järup, 2003; WHO, 2011). 
While PTEs occur naturally (i.e. of lithogenic origin) within the envi-
ronment, these elements can have a concentration way above their 
normal levels due to anthropogenic enrichment from mining and 
smelting activities, agricultural practices, vehicular emissions, metal-
lurgical industries, and waste disposal (Gill, 2014; Lillo et al., 2015; 
Abuduwaili et al., 2015; Srivastava et al., 2017; Han et al., 2019; Gupta, 
2020; Wu et al., 2020; Liu et al., 2020a). Soils are vulnerable to pollution 
by PTEs since they act as a sink that enables for the accumulation and 
leaching of the elements into deeper profiles due to precipitation (Zheng 
et al., 2012; Srivastava et al., 2017). 

Several studies have reported soil pollution from PTEs in Brazil (dos 

Santos-Araujo and Alleoni, 2016), China (Liu et al., 2020b), Chile (Reyes 
et al., 2019), Serbia (Antić-Mladenović et al., 2019), England (Weber 
et al., 2019), USA (Núñez-Gastélum et al., 2019), Australia (Abraham 
et al., 2018), India (Chakraborty et al., 2017), Egypt (Said et al., 2019), 
Romania (Paulette et al., 2015) and many other countries. In soils, PTE 
distribution and occurrence are affected by various soil properties 
including particle size distribution, organic carbon, and pH (Rinklebe 
et al., 2019). Floodplain soils are important for arable farming because 
of their high fertility (Rinklebe et al., 2019). Unfortunately, these soils 
are prone to secondary pollution by PTEs owing to different sources (e. 
g., floodplain soils of Tablas de Daimiel in Spain and near the Wupper 
River in Germany) (Jiménez-Ballesta et al., 2017; Shaheen et al., 2019). 

Arsenic is commonly enriched in floodplain soils as a result of 
different anthropogenic activities and continued accumulation (e.g., 
Burton et al., 2014; Li et al., 2020), resulting in human poisoning. Major 
human health hazards from As include cutaneous lesions (WHO, 1998), 
various forms of cancer (Järup, 2003), and hormonal changes (Barr 
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et al., 2009). In animals, high mortality is likely to occur in 2–3 days of 
exposure (Selby et al., 1977). Minor symptoms include but are not 
limited to abdominal pains and nausea (Shrivastava et al., 2015). Ac-
cording to Li et al. (2020), As has already been ranked as the number one 
toxic substance by the Agency for Toxic Substances and Disease Registry 
(ATSDR). In soils, As occurs as both organic and inorganic forms 
although the latter is more predominant (Awasthi et al., 2017). Mobility 
of the inorganic form of As [As (III)] into the food chain is considered 
harmful and toxic (Shrivastava et al., 2015). Therefore, it is imperative 
to be able to rapidly, accurately, and reliably measure As levels of the 
soils for possible remediation. 

Several reliable conventional methods including atomic absorption 
spectroscopy (AAS), inductively coupled plasma mass spectrometry 
(ICP-MS), and inductively coupled plasma optical emission spectroscopy 
(ICP-OES) have been used for measuring soil As concentrations. Unfor-
tunately, these conventional methods are expensive, laborious, and non- 
environmentally friendly because of the caustic fumes released during 
analysis. Thus, non-destructive, environmentally friendly, and quick 
elemental determination methods such as portable X-ray fluorescence 
(pXRF) spectrometry (Weindorf et al., 2014; Weindorf and Chakraborty, 
2016; Mukhopadhyay et al., 2020) are gaining worldwide attention. 

Although pXRF cannot entirely replace conventional methods due to 
some limitations (Ravansari et al., 2020), it serves as an alternative tool 
that is continuously being tested for pollution monitoring in various soils 
(e.g., Wan et al., 2019; Mukhopadhyay et al., 2020; Peralta et al., 2020). 

Fortunately, with the ever-growing application of machine learning 
algorithms in soil PTE pollution studies, it is becoming easier to predict 
PTE levels in soils using pXRF reported values (e.g., Mukhopadhyay 
et al., 2020). Most studies have used algorithms including random forest 
(RF), partial least squares regression (PLSR), multiple linear regression 
(MLR), multivariate adaptive regression spline (MARS), and support 
vector machine regression (SVMR) to predict PTEs in soils via pXRF (e. 
g., Koch et al., 2017; Adler et al., 2020; Mukhopadhyay et al., 2020). 
However, little attention has been given to the comparison of different 
multivariate regularization techniques like Ridge, Lasso, and ElasticNet 
(ENET) for estimating total As concentration levels in temperate flood-
plain soils and its subsequent mapping using pXRF reported data and 
stochastic simulation techniques. Notably, MLR is a simple yet conve-
nient algorithm that assumes a linear relationship between variables. 
The advantage of regularization with Ridge, Lasso and ENET is to help 
estimate reliable predictor coefficients when a high correlation exists 
between the predictors (Hastie et al., 2009; Chen et al., 2019). 

Fig. 1. The study area with sampling points. Red and yellow colours were used to distinguish two separate sampling campaigns in the year 2018.  
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Moreover, regularization helps to reduce model overfitting along with 
facilitating feature selection (Hastie et al., 2009). Therefore, the over-
arching aim of this study was to compare three regularization models: 
Ridge, Lasso, and ENET with MLR for the prediction and mapping of 
pseudo-total As levels in floodplain soil. Specific objectives were to: a) 
compare MLR and three different regularization techniques (Ridge, 
Lasso, and ENET) for the prediction of pseudo-total As via pXRF reported 
data, and b) compare the As spatial variability in the study area using 
pXRF and ICP-OES reported As values and multivariate model predicted 
As values. 

2. Materials and methods 

2.1. Site description, soil sampling, and processing 

The fieldwork was conducted near polluted alluvium adjacent to the 
Litavka River, Příbram (Czech Republic) in 2018. The area was specif-
ically selected since it is one of the most polluted floodplains in Europe. 
The study area lies between northings − 1078000 and − 1080000 as well 
as eastings − 777800 and − 777400 (Fig. 1). The area features a 
temperate climate with average annual precipitation ranging between 
600 and 800 mm (Köppen Climate Classification of Cfb) while temper-
ature ranges between 6.5 and 7.5 ◦C (Borůvka and Vácha, 2006). Pre-
dominant soils of the area are mainly Fluvisols and Gleysols with grass 
cover (Kotková et al., 2019). This area is known for some agricultural 
and irrigation activities as facilitated by the Litavka River. Příbram has a 
long history of Pb-Ag mining and smelting activities (Kotková et al., 
2019). Past occurrences such as mining pond leakages and aerial 
deposition by chimneys led to soil PTE enrichment in the location. 
Moreover, flooding events between 1932 and 1952 aided in the mobility 
of these PTEs to previously unaffected areas (Vaněk et al., 2008) and 
causing secondary pollution of the Litavka River and alluvium (Žák 
et al., 2009). A combination of random stratified, grid, and transect 
sampling schemes was adopted for the collection of 158 surface 
(0–25 cm) soil samples through a stainless steel auger. Bulk soils were 
properly stored in pre-labeled Ziploc bags for further processing. In the 
laboratory, each soil was first air-dried at room temperature and then 
sieved through a < 2 mm stainless steel sieve. 

2.2. Soil elemental analysis 

2.2.1. pXRF measurements 
For better soil elemental analysis by pXRF, part of each soil sample 

was pulverized to a fine powder using a Vibratory Micro Mill (Model 
Pulverisette 0, FRITSCH, Germany). Subsequently, 2 g of each pulver-
ized sample was packed into a small plastic pXRF sample holder 
(~40 mm in diameter and 15 mm in height) and covered using Prolene 
thin film (Adler et al., 2020). The soil layer varied per sample because 
before scanning, the sample was first slightly tapped within the cup for 
consistency. This ensured the tilting and piling of the sample somewhat 
towards the edge of the cup rather than having it cover the entire 40 mm 
diameter. This was done to increase the surface area as well as the layer 
available for the X-rays to penetrate the sample. Each sample was then 
scanned for 60 s using a stand-mounted Delta Premium pXRF (Olympus 
Innov-X, USA) spectrometer linked to a computer preloaded with the 
pXRF software in Soil Mode (e.g., Weindorf et al., 2013; 2016). Similar to 
Weindorf et al. (2013), the scanning procedure occurred as a sequence 
involving three beams. To guarantee the quality control and quality 
assurance (QC/QA), two certified reference materials (National Institute 
of Standards and Technology (NIST) 2711a and 2709a) were also 
scanned simultaneously (refer to supplementary material) and 
elemental corrections were applied a priori based upon recovery % ob-
tained by NIST samples. Each soil was scanned in triplicates (amounting 
to 180 s total time) and elemental averages were computed. A total of 16 
elements (U, Hg, Au, W, Sb, Sn, Cd, Ag, Mo, Y, Cu, Ni, Cr, Cl, S, and P) 
with sample elemental values below the pXRF detection limit (<LOD) 

were excluded from the subsequent statistical analysis. 

2.2.2. Arsenic measurement via ICP-OES 
Aqua regia standard method (ISO 11466: 1995) (Melo et al., 2016) 

was used to extract the soil pseudo-total As followed by measurements 
via ICP-OES (iCAP 7000, Thermo, USA). A blank sample was also 
intermittently measured via ICP-OES. Each soil sample analysis with 
ICP-OES was performed in duplicate and later averaged. Hereinafter, As- 
ICP-OES and As-pXRF were used to represent pseudo-total As measured 
via ICP-OES and total As measured pXRF, respectively. 

2.3. Data processing 

2.3.1. Data processing for multivariate modelling 
To avoid multicollinearity, a variance inflation factor (VIF) statistic 

(equation 1) was applied. VIF is given by: 

VIFi =
1

1 − R2
i
, i = 1,⋯, n, (1) 

where n represents the pXRF elemental predictors used in this study 
(i.e. Ca, Ti, Zn, As, Sr, Zr, Ba, Pb and Th) and R2

i is the coefficient of 
determination of the i-th term. Predictor variable with a VIF output > 10 
indicates multicollinearity and thus was not used in the modelling 
procedure (Tan et al., 2017). Multicollinearity was assessed through the 
‘faraway’ package (Faraway, 2015) in R version 3.6.0 (R Core Team, 
2019). The multicollinearity test results are presented in the supple-
mentary data of this manuscript. 

2.4. Multivariate modelling 

2.4.1. Multiple linear regression (MLR) 
Originally proposed by Hansch et al. (1962), MLR follows the same 

principle as a simple linear regression, except for using several predictor 
variables. Initially, As-ICP-OES was predicted via pXRF reported vari-
ables (equation 2): 

As − ICP − OES = β0 + β1xi1 + β2xi2 + βpxip +∊i (2) 

where xi represents each predictor variable, β0 denotes the y-inter-
cept, βp indicates the slope coefficients for individual predictor variable, 
and ∊i indicates the error term/residual (Rawlings et al., 2001). An error 
or residual from MLR is expressed as: 

SSEMLR =
∑(

A − Â
)2

(3) 

where SSEMLR, A, and Â represent the model sum of squared error, 
actual response value, and the predicted response value, respectively. 

2.4.2. Ridge regression 
Hoerl and Kennard (1970) proposed Ridge regression which is a 

technique that adds an L2 shrinkage penalty term to the SSEMLR resulting 
in the shrinkage of coefficients. As the coefficients shrink, the chances of 
model overfitting are reduced. The L2 penalty term added to SSEMLR 
gives the expression (equation 4) 

SSERidge =
∑(

A − Â
)2

+ λ
∑

β2 (4) 

where SSERidge is the SSEMLR plus the L2 penalty term, β indicates the 
coefficients and λ is the weight of shrinkage. 

2.4.3. Lasso regression 
In Lasso regression, an L1 penalty term is added to the model and also 

causes coefficients to shrink (Tibshirani, 1996). This L1 term aids in the 
feature selection during modelling and is given by equation 5 as: 

SSELasso =
∑(

A − Â
)2

+ λ
∑

|β| (4) 
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where SSELasso is the SSEMLR plus the L1 penalty term. 

2.4.4. ElasticNet regression 
Proposed by Zou and Hastie (2005), ENET regression combines both 

penalties (i.e. Ridge and Lasso) (equation 6): 

SSEElasticNet =
∑(

A − Â
)2

+ λ
[
(1 − α)

∑
β2 +α

∑
|β|

]
(6) 

where SSEElasticNet is computed from the SSEMLR plus the L2 and L1 
penalties. In addition to the two penalties, a mixing parameter α is also 
added to the model. When α assumes the values of 0 and 1, a Ridge 
model (equation 4) and a Lasso model (equation 5) are retained, 
respectively. The results for using MLR alone versus each of the regu-
larization models were compared at the end. These regression models 
were executed in R through packages, ‘caret’ (Kuhn et al., 2020), ‘glmnet’ 
(Friedman et al., 2020), ‘mlbench’ (Leisch and Dimitriadou, 2015) and 
‘psych’ (Revelle, 2020). 

2.4.5. Data scaling and partitioning 
The whole dataset was scaled to a range between 0 and 1 indicating 

the lowest and the highest value, respectively. Moreover, the whole 
dataset was randomly divided into the calibration (70%) and validation 
(30%) data sets. Each model was fitted using the calibration data while 
the validation evaluated model performance. A 10-fold-cross-validation 
was applied to the training dataset for each of the models used in the 
study and repeated five times. All modelling was executed in the R 
environment. 

2.5. Ordinary kriging (OK) and Conditional Gaussian Simulations (CGS) 

Ordinary kriging (OK) was used to map the spatial distributions of 
As-pXRF, As-ICP-OES and As values predicted by the multivariate 

models (i.e. As-MLR, As-Ridge, As-Lasso and As-ENET). According to 
Bostan et al. (2012), “ordinary kriging (OK) estimate is a linear weighted 
average of the available n observations.” As an expression OK is given by 
equation 7 as: 

Z*(s) =
∑n

i=1
λiZ(si) (7) 

where Z*(s) is the OK estimates at point s, λi and si denote the OK 
weighted coefficient and the observation point, respectively (Bostan 
et al., 2012). Conditional Gaussian Simulations (CGS) for As-pXRF, As- 
ICP-OES, As-MLR, As-Ridge, As-Lasso and As-ENET were also generated 
through Sequential Gaussian Simulation (SGS), each CGS as an average 
of n = 500 possible realizations (‘truths’) according to Heuvelink (2019). 
The CGS maps were used to assess the spatial uncertainty of the pre-
dictions and were computed as the conditional simulation equal to the 
kriging estimates plus the estimated error as equation 8: 

ZCo.sim.(s) = Z*(s)+
[
ZUn.sim.(s) − Z*

Un.sim.(s)
]

(8) 

where ZCo.sim.(s) is the conditional simulation as point s, Z*(s) is the 
OK estimate at point s and ZUn.sim.(s) and Z*Un.sim.(s) indicate the un-
conditional simulation error calculation terms. 

One of the assumptions for OK is that the variable of interest should 
have a normal distribution (Hengl, 2009). Hence, As-pXRF and As-ICP- 
OES levels were first cube root transformed to obtain an approximately 
normal distribution of the data before mapping. The cube root trans-
formation can handle data that has a positive-skewed distribution as 
well as includes zeros (Cox, 2011), which the current study data had. To 
evaluate the performance of the spatial interpolations, a five-fold-cross- 
validation was executed following Pebesma and Wesseling (1998) and 
Pebesma (2004). Both OK and CGS were implemented using R packages 
‘rgeos’ (Bivand et al., 2020a), ‘rgdal’ (Bivand et al., 2020b), ‘gstat’ 

Fig. 2. Schematic diagram illustrating the experimental design.  
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(Pebesma and Graeler, 2020), ‘sp’ (Pebesma et al., 2020), ‘MASS’ (Ripley 
et al., 2020) and ‘colorRamps’ (Keitt, 2015). Fig. 2 schematically displays 
the experimental design. 

2.6. Model and map accuracy assessment 

To assess the prediction accuracies for the models and maps, the 
following indicators were applied: bias, mean absolute error (MAE), root 
mean squared error (RMSE), and the coefficient of determination (R2). 

bias =
1
n
∑n

i=1

(
Ai − Âi

)
(9)  

MAE =
1
n
∑n

i=1

⃒
⃒
⃒Ai − Âi

⃒
⃒
⃒ (10)  

RMSE =

̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅
1
n
∑n

i=1

(
Âi − Ai

)2
√

(11)  

R2 = 1 −

∑
i

(
Ai − Âi

)2

∑
i

(
Ai − A

)2 (12) 

In the preceding equations, n denotes the sample size, Ai and Âi are 
the actual response and the predicted response, respectively, for the i-th 
observation, Ā denotes the average value of the response variable. 

3. Results and discussion 

3.1. pXRF datasets used for modelling 

In this study, a total of four pXRF elements were removed following 
the multicollinearity test (K, Mn, Fe, and Rb) (see supplementary data). 
A total of nine pXRF elements presented in Table 1 were used as pre-
dictors (Ca, Ti, Zn, As, Sr, Zr, Ba, Pb, and Th) in subsequent modelling. 
The pXRF produces direct measurements of As from its X-ray spectra. 
However, the application of multivariate approach using auxiliary pXRF 
elements (Ca, Ti, Zn, Sr, Zr, Ba, Pb, Th) along with As-pXRF stems from 
the fact that multivariate modelling can compensate for some of the 
shortcomings of the pXRF device (e.g., high limits of detection for 
certain elements and some elements not being directly measurable), 
making pXRF sensors capable of predicting elemental concentrations in 
soil at comparable levels of accuracy to conventional laboratory ana-
lyses like ICP-OES. Similar results were found by Adler et al. (2020) 

where MLR modelling of Zn, using 13 pXRF measured elements, was 
better than only using direct measurements of Zn made with the pXRF 
device. 

Thorium exhibited the lowest concentration among all the pXRF 
reported elements. Notably, the majority of earlier reports for the same 
area have mainly assessed Cu, As, Pb, Cd and Zn levels in floodplain soils 
(Vaněk et al., 2005; 2008;; Dlouhá et al., 2013). According to Vaněk 
et al. (2005), Pb and Zn levels measured from one soil profile within the 
same study area ranged between 875 and 4500 mg/kg and 2512 – 
8728 mg/kg, respectively, which corroborated the Pb (55 – 9241 mg/ 
kg) and Zn (65 – 17861 mg/kg) concentrations reported in the current 
study (Table 1). Furthermore, the average Pb and Zn contents reported 
in this study exhibited similar trends as shown earlier by Dlouhá et al. 
(2013) for the clustered topsoil samples in the southern part of the study 
area (Fig. 1b) (mean Pb and Zn concentrations of 2321.45 mg/kg and 
2743.15 mg/kg, respectively). The mean Pb-pXRF and Zn-pXRF greatly 
exceeded the pollution limits for Pb (70 mg/kg) and Zn (100 mg/kg) set 
by the Czech legislation (Czech Regulation 13/1994; Ministry of the 
Environment of the Czech Republic) suggestive of anthropogenic 
induced pollution (i.e. mining/smelting activities). 

The mean As-pXRF level (297.8 mg/kg) was high as shown earlier by 
Vaněk et al. (2008), although they collected profile soils from the same 
area. Unfortunately, not many studies have assessed soil Ca, Ti, Sr, Zr, Ba 
and Th concentration levels from the study area. The majority of 10th, 
50th and 90th percentile elemental concentration levels (i.e. Zn, As, Zr, 
Ba and Pb) in the current study exceeded those for floodplain soils 
sampled from 94 profiles along the Central Elbe River in Germany 
(Rinklebe et al., 2019). This suggests that the current study floodplain 
soils were more polluted by some elements comparative to Rinklebe 
et al. (2019). 

3.2. ICP-OES measured arsenic 

The As-ICP-OES values varied greatly as shown by the wide range 
(4.5–1132 mg/kg) (Table 1). Both mean (225.4 mg/kg) and median 
(207.2 mg/kg) As-ICP-OES levels exceeded the world average level 
(6.83 mg/kg) for uncontaminated soils (Kabata-Pendias, 2011). These 
results also confirmed that the analyzed floodplain soils were enriched 
with As. Notably, like As-pXRF, As-ICP-OES also exhibited a similar 
trend as shown earlier by Vaněk et al. (2008). The slight difference 
between mean As-pXRF and As-ICP-OES concentration levels can be 
attributed to the semi-total/pseudo-total digestion techniques used in 
this study (e.g., aqua regia) (USEPA Method 3050B, 1996a). Note that 
pXRF reports total elemental concentration and therefore total digestion 

Table 1 
Descriptive statistics of the predictor and response variables in mg/kg.   

nc Mean Median SDd Mine Maxf 10th pg 50th pg 90th pg 

Predictora 

Ca-pXRF 158 7276 5836 4772 1815 26,746 2767 5836 14,327 
Ti-pXRF 158 4676 4708 623 2455 6466 3980 4708 5392 
Zn-pXRF 158 3888 3729 2316 65 17,861 1431 3729 6070 
As-pXRF 158 298 264 197 9 1249 93 264 499 
Sr-pXRF 158 72 70 16 48 185 56 70 88 
Zr-pXRF 158 276 272 63 79 481 205 272 361 
Ba-pXRF 158 666 630 150 416 1815 523 630 837 
Pb-pXRF 158 2787 2589 1587 55 9241 1065 2589 4655 
Th-pXRF 158 17 16 3 9 25 13 16 20 
Responseb 

As-ICP-OES 158 225 207 155 4.5 1132 69 207 376  

a Predictor: predictor variable 
b Response: response variable 
c n: sample size 
d SD: standard deviation 
e Min: minimum 
f Max: Maximum 
g 10th p, 50th p and 90th p: 10th, 50th and 90th percentiles 
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using hydrofluoric acid and microwave digestion system (USEPA 
Method 3052, 1996b) may provide superior comparability to pXRF 
elemental results. 

3.3. Arsenic prediction models 

3.3.1. Prediction of as with MLR, Ridge, Lasso and ENET 
All As prediction models showed a linear relationship between the 

response (As-ICP-OES) and the predictor variables (pXRF measured 
data) used for the Příbram floodplain soils (Fig. 3). Notably, MLR, Lasso 
and ENET models produced similar prediction accuracy (Fig. 3a, c and 
d). Nevertheless, none of the models displayed a perfect fit resembling 
the 1:1 line. The majority of samples with low As values were well 
predicted in all four models. Model results were satisfactory as indicated 
by the accuracy indicators. Moreover, the difference between the models 
was trivial since all performed equally (Table 2). 

While using the cubist and PLSR models on slightly larger sample size 
(n = 301), Xu et al. (2020) estimated As levels via pXRF measurements 
for cropland topsoils (0–20 cm) which produced validation RMSE values 

of 5.24 mg/kg (PLSR) and 4.03 mg/kg (cubist). Notably, the present 
study (utilizing the four different multivariate models) produced higher 
validation R2 values, ranging from 0.94 to 0.95, as compared to the 
simple linear regression targeting soil As via As-pXRF (i.e. validation 
R2 = 0.73) (Hu et al., 2017), clearly highlighting the utility of auxiliary 
predictors for predicting soil As levels. Soil is a complex body that 

Fig. 3. Plots of As-ICP-OES vs. As-pXRF using the test datasets for (a) MLR, (b) Ridge, (c) Lasso and (d) ENET regression models. The black solid line represents the 
1:1 line. 

Table 2 
Model validation results for MLR, Ridge, Lasso and ENET regression models.  

Model Prediction accuracy indicator  
aMAE bRMSE cR2 

MLR 0.02  0.03  0.95 
Ridge regression 0.02  0.03  0.94 
Lasso regression 0.02  0.03  0.95 
ENET regression 0.02  0.03  0.95  

a MAE: Mean absolute error. 
b RMSE: Root mean square error. 
c R2: Coefficient of determination. 
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involves several inter-elemental or soil property interactions. Thus, MLR 
is advantageous for its ability to simulate as well as cater to such 
complexation by determining the existing relationship between a 
response and a single predictor while equally influencing the remaining 
predictor variables within the model (i.e. simultaneous interaction 
assessment) (Marill, 2004). MLR ensures that hidden interactions are 
revealed and, in some cases, strong interactions between some variables 
may be suppressed with more predictors accounted for the model. Also, 
various interactions and patterns between several variables can be well 
tested through MLR than SLR which in part is essential for a compre-
hensive soil assessment. Notably, a similar improvement in soil CEC 
prediction accuracy was reported by Sharma et al. (2015) by combining 
pXRF elements and other auxiliary soil attributes. The validation RMSE 
result for As-pXRF reported by Hu et al. (2017) was 6.56 mg/kg while 
the RMSE valued obtained in this study were comparatively lower due to 
data scaling. 

The MLR diagnostic plots showed the distribution of each sample 
point (i.e. training dataset) within various scatter plots (Fig. 4). More-
over, these diagnostic plots also indicated the apparent outliers in the 
training dataset (e.g. X140). As expected, from the Ridge, Lasso and 
ENET model diagnostic plots, As-pXRF appeared more influential than 
the other eight predictors used (Fig. 5a-c). This was also verified by the 
As slope coefficients for each model equation (Table 3). While predicting 
Zn levels in soils of Sweden, Adler et al. (2020) also established that 
including the same element (i.e. Zn-pXRF) as one of the predictor vari-
ables shows comparatively more influence than other auxiliary 
variables. 

According to Zou and Hastie (2005), ENET encourages grouping 
effect which allows that a group of highly correlated predictor variables 

should be either included in or excluded from the model all at once. This 
is advantageous over either Ridge which retains all the predictors or 
Lasso which only selects a single predictor variable (Zou and Hastie, 
2005). Also, rather than adding a single penalty term on the regression 
coefficients like in Ridge (L2 penalty) and Lasso (L1 penalty) models, for 
ENET model an ENET penalty which is a convex combination of both 
penalty terms (L2 and L1) is added (Zou and Hastie, 2005). 

3.3.2. Influence of other predictors on model prediction accuracy 
The correlation matrix plot between As-ICP-OES and the pXRF data 

showed a negative relationship between As-ICP-OES and Ca-pXRF (r = - 
0.11), Sr-pXRF (r = -0.28) and Zr-pXRF (r = -0.35) (Fig. 6). Thorium (Th- 
pXRF) did not influence the accuracy of any of the regularization models 
(Fig. 5). The best correlation results were observed between As-ICP-OES 
and Zn-pXRF (r = 0.79) as well as Pb-pXRF (r = 0.77) (Fig. 6). These 
results were indicative of a good linear relationship between the pre-
dictors and the response variables. Moreover, other than As-pXRF alone, 
Zn-pXRF and Pb-XRF also appeared influential in the Lasso and ENET 
models (Fig. 5). A strong positive correlation between As-ICP-OES and 
Zn-pXRF may suggest mutual dependency between them, perhaps due to 
the similar sources (Kebonye and Eze, 2019; Kebonye et al., 2020). For 
example, in China, steel smelting and coal combustion were the leading 
sources of soil As and Zn pollution (Wang et al., 2020). Also, Kader et al. 
(2017) while studying Zn and As in soils pointed out that these elements 
interact as a result of adsorption and precipitation processes. 

Notably, the models in this study were based on processed soil 
samples (i.e. ground, sieved, and pulverized). Therefore, using pXRF 
data obtained directly in the field may not yield a similar outcome. 
However, field processing of samples is still feasible. Field pulverization 

Fig. 4. MLR model diagnostic plots. Scatter plots for (a) residuals vs fitted values, (b) standardized residuals vs theoretical quantiles, (c) square root of standardized 
residuals vs fitted values and (d) standardized residuals vs leverage. The red smooth lines indicate the LOESS curves while the red dotted lines are the 
Cook’s distance. 
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to < 2 mm can be done with small mortar and pestle, along with a small 
sieve, custom made for this type of application (3′′ in diameter). Sci-
entists have already used this field kit for other field pXRF applications. 
Several factors such as soil carbon or organic matter, particle size dis-
tribution (i.e. silt and clay fractions), object geometry, and moisture may 
affect the measurements of the pXRF (Ravansari and Lemke, 2018). 
Organic and mineral colloids tend to act as binding sites for PTEs in soils 
(Kabata-Pendias, 2011). According to Ravansari et al. (2020) and 
Shuttleworth et al. (2014), organic colloids tend to have low density or 

matrix effects that are capable of reducing concentrations measured via 
pXRF. However, some researchers have sought to improve model results 
for estimating PTEs in soils via pXRF by data fusion techniques whereby, 
other predictor variables from sensors such as visible near-infrared 
diffuse reflectance spectroscopy (VisNIR DRS) are also utilized (e.g., 
Weindorf and Chakraborty, 2017; Xu et al., 2020). Moreover, some have 
applied element-specific correction coefficients to pXRF measurement to 
cater for disparities associated with organic fractions in soils (Ravansari 
and Lemke, 2018). This study provides baseline knowledge for reliable 
estimation of As concentration levels in polluted floodplain soils using 
pXRF datasets. More research is warranted to increase the model 
robustness by incorporating a wide range of soil types, which may aid in 
pXRF based rapid As detection. 

3.4. Spatial distribution of As-pXRF, As-ICP-OES, As-MLR, As-Ridge, As- 
Lasso and As-ENET levels 

OK and CGS maps using As-pXRF, As-ICP-OES, As-MLR, As-Ridge, 
As-Lasso and As-ENET data are presented in Fig. 7. In the current study, 
pXRF performed similarly as ICP-OES for As mapping of the floodplain 
soils as both maps show a similar distribution. While OK maps were 
much smoother and did not represent the fine-scale As variability in the 
area, the CGS maps of the area presented more detailed high-resolution 
spatial distributions of the As (Kim et al., 2019). Moreover, while 
interpolation techniques such as OK do not cater for the uncertainty 
associated with estimates due to smoothening effects, stochastic 

Fig. 5. Ridge, Lasso and ENET model diagnostic plots. For each model, the first and second plots indicate the regression coefficient vs log lambda (weight of 
shrinkage) values and regression coefficient vs fraction deviance explained. The third plots are the predictor variable importance plots. As-pXRF is indicated in dark 
blue colour for all model coefficient plots. 

Table 3 
As prediction model equations using MLR, Ridge regression, Lasso regression, 
and ENET regression.  

Model Equation 

MLR As-MLR = 0.0225 – 0.1058(Ca) + 0.0785(Ti) + 0.1587 
(Zn) + 0.8127(As) –0.0463(Sr) – 0.0737(Zr) + 0.0701(Ba) – 
0.1300(Pb) + 0.0069(Th) + 0.0267 

Ridge 
regression 

As-Ridge = 0.0240 – 0.0733(Ca) + 0.0933(Ti) + 0.2113 
(Zn) + 0.6290(As) – 0.0545(Sr) – 0.0933(Zr) + 0.0455(Ba) – 
0.0298(Pb) + 0.0058(Th) + 0.0267 

Lasso 
regression 

As-Lasso = 0.0213 – 0.1046(Ca) + 0.0707(Ti) + 0.1562 
(Zn) + 0.8132(As) – 0.0403(Sr) – 0.0670(Zr) + 0.0677(Ba) – 
0.1216(Pb) + 0.0054(Th) + 0.0264 

ENET 
regression 

As-ENET = 0.0214 – 0.1043(Ca) + 0.0710(Ti) + 0.1568 
(Zn) + 0.8118(As) – 0.0406(Sr) – 0.0673(Zr) + 0.0675(Ba) – 
0.1210(Pb) + 0.0054(Th) + 0.0264  
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simulation techniques such as the SGS which generated CGSs and was 
applied alongside OK in the current study can measure the uncertainty 
associated with interpolation. According to Ersoy and Yünsel (2006), 
“Conditionally simulated models reproduce the actual variability (his-
togram) and spatial continuity (variogram) of the attributes of interest”. 
Also, “Conditional simulation can be used to solve the problem of 
measuring the mean uncertainty and variability associated with an es-
timate”. The same was concluded by Chai et al. (2007) and Yunsel 
(2012). 

Generally, high As concentration levels were observed towards the 
northern part of each map while much lower levels were predominant in 
the southwestern part (Fig. 7). Although the deposition and sedimen-
tation of the alluvium were not covered in the current study, it might 
have influenced the As distribution observed in the maps. Moreover, 
with the recent flooding events that occurred in the area in 2002 (Vaněk 
et al., 2008), it was speculated that the floods may have also contributed 
to the transportation of the polluted alluvium deposits towards these 
hotspot areas. 

The five-fold-cross-validation results indicated that As-pXRF, As-ICP- 
OES, As-MLR, As-Ridge, As-Lasso and As-ENET spatial distributions 
were slightly negatively biased with R2 values of > 50% (Table 4). Ac-
cording to Willmott (1981), RMSE is a better accuracy indicator than R2 

thus it can be concluded that the OK maps for As-Ridge, As-Lasso and As- 
ENET were slightly better than the OK maps of As-ICP-OES, As-pXRF and 
As-MLR (Table 4). Overall, the prediction performances were moderate. 
Chakraborty et al. (2017) exhibited comparatively higher soil As levels 
from smelter/mining activities in Romania (i.e. 7.8 – 889 mg/kg) rela-
tive to those reported in the current study (4.5 – 1132 mg/kg). 

According to the OK map by Chakraborty et al. (2017), As showed 
higher concentrations away from the smokestack located within the 
mining area. In both the current study and that of Chakraborty et al. 
(2017) it is evident that the influence of smelter/mining activities 
significantly resulted in elemental enrichment of soil environments 
farthest from the point source pollution. 

Like the study by Kim et al. (2019), the application of stochastic 
simulation techniques such as CGS in mapping the spatial distribution of 
As-pXRF improves its visual outlook for better interpretability of results. 
Generally, measuring and mapping pseudo-total As via sensors like 
pXRF can help in contingency planning for areas where time and re-
sources for soil pollution characterization are limited. According to 
Punshon et al. (2017), “the higher the total soil arsenic concentration 
(the sum of all arsenic species, regardless of bioavailability) the higher 
the crop uptake of arsenic. This is true of anaerobic cultivation systems 
such as rice, aerobic horticultural systems as well as conventional 
(aerobic) agriculture”. Therefore, pXRF-based total As mapping still 
presents a meaningful scenario of As bioavailability. 

4. Conclusions 

Satisfactory predictions of soil As based on pXRF datasets and 
regularized regression models were obtained for polluted floodplain 
soils of Příbram, Czech Republic. All models (i.e. MLR, Ridge, Lasso and 
ENET) yielded similar prediction results (identical MAE and RMSE 
values of 0.02 and 0.03, respectively, and R2 values ranging from 0.94 to 
0.95) while the better match was observed for samples with lower As 
contents. In all the models the most influential variable was As-pXRF. 

Fig. 6. Correlation matrix indicating scatter plots, histograms, and Pearson’s correlation coefficients between the response variable (As-ICP-OES) and predictor 
variables used in regression models. *, ** and *** represent the significant correlation at p-values of 0.05, 0.01 and 0.001, respectively. 
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Fig. 7. OK and CGS predictions of As in mg/kg (a) As-ICP-OES, (b) As-pXRF, (c) As-MLR, (d) As-Ridge, (e) As-Lasso and (f) As-ENET. Semi-variogram plots for each 
pair of maps are presented below the interpolation maps. 
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There were no substantial visual differences between the spatial distri-
bution maps for As-pXRF, As-ICP-OES, As-MLR, As-Ridge, As-Lasso and 
As-ENET. Moreover, CGS exhibited better resolution than OK for As- 
pXRF, As-ICP-OES, As-MLR, As-Ridge, As-Lasso and As-ENET. Sum-
marily, pXRF appears as a reliable tool for the estimation and mapping 
of As concentration levels in polluted temperate floodplain soils. 
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A B S T R A C T   

The application of multivariate geostatistical and statistical methods remain valuable tools for environmental 
pollution assessment. In particular, stochastic simulation techniques like sequential Gaussian simulation (SGS) 
and the self-organizing map artificial neural networks (SeOM-ANNs) have facilitated the understanding of the 
spatial distribution of potentially toxic elements (PTEs) in polluted soils. However, there is a dearth of literature 
on the application of SGS and SeOM-ANN in mapping potentially toxic elements (PTE) in heavily polluted mining 
and smelter affected floodplain soils. This study shows the applicability SGS and SeOM–ANN which is a powerful 
visualization tool for the categorization of PTEs [Cadmium (Cd), Arsenic (As), Antimony (Sb), Lead (Pb) and Zinc 
(Zn)] levels together with selected soil properties [oxidizable carbon (Cox) and soil reaction (pH_H2O)] in one of 
the most polluted mining floodplain soils in Europe. A k-means algorithm was used to classify distinct clusters 
which were visually unclear based on the SeOM–ANN Neighbor distance plot (U-Matrix). The k-means resulted in 
5 distinct clusters. Cluster 1 to 5 based on SeOM–ANN for all PTEs revealed an increase in concentration levels in 
the same order (1–5) while for soil properties the trend was not clear. The soils were successfully assessed based 
on different intensity level combinations and k-means clustering results efficiently mapped into a spatial dis-
tribution map. High concentration levels of the PTEs were noticed in the northern parts of the study area based 
on the conditional Gaussian simulations (CGSs) generated through SGS, while low levels were prominent in the 
southwestern parts. The hotspot areas were comparable with the k-means spatial distribution maps. It is rec-
ommended that special attention be paid to the identified hotspots for possible remediation. This study further 
demonstrates the usefulness of geostatistics and advanced statistical methods in site-specific planning and 
implementation of remediation measures for polluted mining floodplain soils.   

1. Introduction 

Pollution of the environment has continued to be a global issue in the 
wake of heavy industrialization (Dang and Mourougane, 2014). 
Anthropogenic activities from urban, agricultural and industrial plat-
forms release myriads of pollutants of organic (e.g. dichlorodiphenyl-
trichloroethane (DDT), inorganic (e.g. potentially toxic elements) and 
particulates (e.g. nanoparticles) into the environment. Depending on the 
concentration, these pollutants may have some negative impacts on a 
variety of environmental matrices including soils, sediments, water, 

plants and animals. Of these matrices, the soil environment, considered 
as the basis for life on Earth, is very important given its many ecosystems 
functions such as food production, biogeochemical nutrient cycling, 
water filtration and flood control, habitat for a quarter of the world’s 
biodiversity (European Commission, 2010; Hatfield and Sauer, 2011). 

Despite having so many benefits, soils are prone to pollution that 
reduces their quality and health (FAO, 2019). Soil pollution is detri-
mental as it brings about land degradation in various environments 
(Trujillo-González et al., 2016). The nature and properties of soil enable 
it to naturally host as well as allow for the mobility of inorganic 
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substances such as potentially toxic elements (PTEs) like antimony (Sb), 
chromium (Cr), cadmium (Cd), arsenic (As), lead (Pb) and mercury (Hg) 
(Sun and Chen, 2016). Potentially toxic elements have slow decay po-
tential in soil environments. Sources of PTEs in soils may be lithologic 
(from parent materials), anthropogenic, or a combination of these 
sources (Eze et al., 2010; Rennert and Rinklebe, 2017). Mainly though, 
due to the anthropogenic effect, PTEs are heavily deposited in soils. The 
speciation, availability and mobility of PTEs in soils depend on various 
factors including pH levels, soil organic matter (SOM), mineralogical 
conformation, ligands of organic and inorganic nature as well as soil 
nutrient availability (Shaheen et al., 2015; Li et al., 2017; Sarwar et al., 
2017; Shaheen et al., 2017; Rennert and Rinklebe, 2017). 

Several researchers have studied spatial and temporal variations (Li 
et al., 2018) as well as interactions between PTEs and specific soil 
properties using multivariate statistical approaches [e.g. structural 
equation models, cluster analysis (CA), self-organizing map artificial 
neural networks (SeOM–ANN), factor (FA) or principal component 
analysis (PCA)] (Borůvka et al., 2005; Merdun, 2011; Liao et al., 2019; 
Kebonye et al., 2020). Such multivariate approaches ease data mining 
and interpretation (Li et al., 2018). Self-organizing map artificial neural 
network is a dependable classification (Liao et al., 2019) method that 
caters for both high dimensional data visualization and clustering (Li 

et al., 2018). Liao et al. (2019) reported that SeOM–ANNs can success-
fully deal with strong spatial variations and delineate complex soil 
pollution sources. Compared to FA, in SeOM–ANNs, multidimensional 
input data can be reduced into a two-dimensional map which can be 
easily interpreted while also dealing with issues of non-linearity and 
complexity of the data (Li et al., 2018; Liao et al., 2019). The ability of 
SeOM–ANN to handle outliers and noise in a dataset is the strength of 
the toolkit (Richardson et al., 2003). In soil sciences, SeOM-ANN has 
been previously used to differentiate soil physical properties, soil tex-
tures, categorize non-point pollution sources and soil organic carbon 
assessment (Somaratne et al., 2005; Muleta and Nicklow, 2005; Cockx 
et al., 2009). Other applications have coupled SeOM-ANN with mapping 
(e.g. model integrated geographical information, point-based tech-
niques like the geographically weighted regression and smoothening 
techniques like ordinary kriging) (e.g. Liao et al., 2019; Wang et al., 
2020). 

Europe is one of the leading continents where anthropogenic induced 
soil pollution is on the rise due to rapid industrialization and urbani-
zation. According to 2014 estimates, 14% (i.e. approximately 340,000 
pieces of land) of European land is polluted (European Environmental 
Agency (EEA), 2014). Because of this, soil pollution from PTEs has been 
studied within the European context including floodplain soils. Some 

Fig. 1. Orthophoto map of the study location with red and yellow dots representing the sampling points, collected in two distinct sampling campaigns in 2018 
(Zoomed in figures of the sample locations are provided in the supplementary data, denoted as 1). (For interpretation of the references to colour in this figure legend, 
the reader is referred to the web version of this article.) 
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studies in the Czech Republic include those by Borůvka and Drábek 
(2004); Vaněk et al. (2005, 2008), Borůvka and Vácha (2006), Kváčová 
et al. (2015) and Kotková et al. (2019). Multivariate approaches (e.g. FA, 
PCA and CA) and mapping techniques were applied in these studies to 
understand the behaviour of PTEs and influencing properties within 
soils. Generally, site-specific spatial patterns, as well as the distribution 
of PTEs in polluted mining floodplain soils, remain largely untapped 
(Skála et al., 2020). This study is a major contribution to PTE in polluted 
mining floodplain soils. Understanding the extent of PTE contamination 
in soils may provide the initial steps to accurate land evaluation, 
restoration and management of affected areas by showing the spatial 
distribution of PTE ‘hotspots’ – areas of high concentration. 

Geostatistical methods involving both interpolation and simulation 
have been widely used to map potentially toxic elements (PTEs). 
Thereafter, statistics are used to predict PTE values at unsampled points. 
Some of the geostatistical methods studied include ordinary kriging 
(OK), regression kriging (RK), sequential Gaussian simulation (SGS), 
geographically weighted regression (GWR) and Turning Bands Co- 
simulation Algorithm (Larocque et al., 2006; Cao et al., 2017; Lv, 
2019; Fei et al., 2019; Eze et al., 2019; Duan et al., 2020). Interpolation 
based geostatistical methods (e.g. ordinary kriging) are limited in that 
they only show smoothed representations of the prediction. Addition-
ally, OK may underestimate larger values than the average while also 
overestimating smaller ones (Webster and Oliver, 2007). Simulation- 
based methods (e.g. SGS) on the other hand are advantageous in that 
they cater for variability associated with the prediction (Webster and 
Oliver, 2007). For instance, SGS generates conditional Gaussian simu-
lations or possible realities of a target study area (Webster and Oliver, 
2007). Moreover, according to Ersoy et al. (2008), “The interesting 
aspect of the conditional simulation is that simulated values can be 
generated at very closely spaced geographical positions cover in the 
whole area, not only at the sampled sites.” This reason asserts the ne-
cessity of using SGS in the current study. Moreover, the added value of 
using SeOM–ANNs over other approaches like PCA is that “it is widely 
used as a classification tool for recognizing patterns in soil pollution” 
(Wang et al., 2020) and also it can provide vital information that can be 
used to interpret hidden results which methods such as PCA fail to 
clarify (Wang et al., 2014). 

Floodplain soils are important for agricultural production. But, 
having been formed through the effects of deposition, they tend to 
harbor notable levels of PTEs from a variety of sources. There are 

possibilities of PTEs uptake by plants growing in floodplain soils, which 
may eventually pose toxicity effects on animals and humans (Kebonye 
and Eze, 2019). Given this, the objective of this study is to; i) elucidate 
the variations in PTE concentration and selected soil chemical property 
levels of floodplain soils in Pribram, Czech Republic, by combining 
SeOM–ANNs and k–means clustering algorithms; ii) identify PTE hot-
spots in the floodplain soils using SGS and SeOM–ANNs coupled 
k–means clustering. This study provides baseline knowledge regarding 
one of the most highly polluted floodplain soils in Europe by taking 
advantage of recent advances in computer and geostatistical applica-
tions including stochastic techniques (e.g. SGS) and the SeOM-ANN to 
produce a high-resolution spatial distribution of PTE as the first step 
towards potential remediation planning. This will provide preliminary 
evidence that would help decision making by policy-makers regarding 
PTE distribution in the Příbram District (Czech Republic). 

2. Material and methods 

2.1. Description of the study area 

The study area is located near the Litavka River in Příbram, south-
west of Prague in the Bohemian region (Approx. between northings 
− 1,078,000 to − 1,080,000 and eastings − 777,800 to − 777,400) 
(Fig. 1). The geomorphology of the area is flat alluvium, with the land 
being used dominantly as permanent grassland; the most polluted part is 
left abandoned. The climatic conditions of the area are generally warm 
and temperate, having average annual rainfall and temperature between 
600 and 800 mm and 6.5–7.5 ◦C respectively (Borůvka and Vácha, 
2006). Prevailing soil types in the area are Fluvisols and Gleysols, on the 
borders of the alluvium Cambisols (Borůvka and Vácha, 2006) which 
developed on alluvial sediments from Cambrian, Variscan Granitoids 
and Proterozoic sequences (Škácha et al., 2009). The Příbram region is 
famous for its historic Pb–Ag ore mining and smelting activities (Vaněk 
et al., 2008). The occurrence of flood events between the years 1932 and 
1952 resulted in pollutant deposition in the environment from waste 
dumps and the rupturing of tailing ponds within the area (Kotková et al., 
2019). Such deposition eventually led to elevated PTE levels in the al-
luvium which further resulted in secondary pollution of the Litavka 
River as well (Vaněk et al., 2008; Kotková et al., 2019). 

Fig. 2. Schematic representation of SeOM–ANN architecture.  
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2.2. Field sampling and analytical methods 

During the soil sampling campaign conducted in 2018, a total of 158 
topsoil samples (0–25 cm depth) were collected in both grid and transect 
sampling designs using manual augers. These sampling designs were 
used for different research purposes as per the sampling campaigns but 
for the sake of the current study were combined. The samples were 
stored in pre-labeled plastic Ziploc bags and taken to the laboratory for 
analysis. The soils were air-dried, gently crushed and passed through a 
sieve (< 2 mm). Oxidizable carbon (Cox) was determined using the acid 
titration method described by Nelson and Sommers (1996). A pH meter 
was used to determine soil reaction (pH_H2O) levels in a 1:2 soil: water 
ratio mixture. Aqua regia (ISO 11466: 1995) method was used to extract 
the PTEs (i.e. Cadmium: Cd, Arsenic: As, Lead: Pb, Antimony: Sb and 
Zinc: Zn). Pseudo total concentrations of the PTEs were then measured 
using an inductively coupled plasma optical emission spectrometry (ICP- 
OES) (iCAP 7000, Thermo, USA). Quality checks and assurance of 
analysis were ensured by the use of standards and blank samples which 
were spiked at alternative times during analysis. All analyses were 
performed in duplicates at the Department of Soil Science and Soil 
Protection Laboratory of the Czech University of Life Sciences Prague 
(CZU). 

2.3. Self-organizing map artificial neural networks (SeOM–ANN) 
algorithm 

2.3.1. The basic principle behind SeOM –ANNs 
The Kohonen map famously called SeOM–ANN is an unsupervised 

algorithm comprising of two layers, the input layer and output layer (Li 
et al., 2018; Liao et al., 2019) (Fig. 2). Analysis through SeOM–ANN 
allows each sample (i.e. each topsoil sample in this study) to be “treated 
as an n-dimensional input vector defined by its variables” (Li et al., 
2018). The input layer provides information to the input vector to form a 
neural network. Each network is connected to an output vector via one 
weight vector (Melssen et al., 1994; Li et al., 2018). A resultant 
SeOM–ANN output is an orderly two-dimensional map comprising of 
individual neurons/nodes (Fig. 2) (Merdun, 2011; Li et al., 2018; Liao 
et al., 2019). All nodes are connected in the form of a ‘honeycomb’ as in 
Fig. 2 below. 

A Kohonen learning algorithm is used to train the SeOM network 
following six main steps, 1) preliminary step, 2) input, 3) selection of 
winner units, 4) declaration of winner neighborhood, 5) adaptation of 

weight vectors and 6) stopping step. These steps are detailed by Li et al. 
(2018) and Kalteh et al. (2008). According to Kohonen (1995) and 
Nourani et al. (2016), a SeOM network is trained through a series (i.e. 
many) of iterations (n = 100 is the default and was used in the current 
study, Fig. 3). According to Fig. 3, the initial mean distances between 
neurons were high and immediately they dropped meaning that there 
was no need to use 100 iterations, even with fewer iterations the 
outcome of the SeOM-ANN would remain the same. These iterations are 
meant to ordinate the input vectors (Kohonen, 1998; Park et al., 2014; Li 
et al., 2018). In this study, SeOM–ANNs were performed in R Studio 
through the Kohonen package. Pre-processing of data involved 
normalizing the data using the scale function in R, initializing and 
model training as well as data visualization respectively. 

2.3.2. Selection of map size 
Selecting a suitable map size is important. A small map size will not 

depict all the details and patterns expected compared to a big map size 
which allows for visibility and clarity of all details (Park et al., 2004). In 
this study, a map size of 5 by 13 was used. It yielded 65 nodes in total. In 
selecting the map size, the equation by Vesanto and Alhoniemi (2000) 
which suggests an optimal neuron number to be close to 5√n was used. 
The prefix n represented the total number of samples assessed. For this 
study, n = 158. The resultant calculations returned a map size of 62.85. 
To finalize on which map size to use, a range of possible map sizes be-
tween 60 and 70 was proposed. It is from this range that an average map 
size was opted for, in this case, 65. Further validating the map size of 65, 
several map sizes between 60 and 70 were tested based on average 
quantization error (AQE) results. The map size with the least AQE was 
considered suitable for subsequent use in the study (Li et al., 2018). In 
this case, a map size of 65 was considered appropriate. Moreover, 
somehow being in between 60 and 70 a map size of 65 reduced possi-
bilities of having few details showing in the map in case of fewer neurons 
(e.g. 60–62) and likely over-fitting in cases of more neurons (e.g. 
66–70). The results for the various map sizes versus average quantiza-
tion errors (AQEs) were such that a 6 by 10 = 60 yielded AQE = 0.39; 8 
by 8 = 64, AQE = 0.33; 4 by 16 = 64, AQE = 0.32; 5 by 13 = 65, 
AQE = 0.31 and 6 by 11 = 66, AQE = 0.31 respectively. 

2.3.3. Visualization of component planes 
Potentially toxic elements and soil property data were depicted as 

component planes. In the components, there are colour gradients that 
represent the levels for each variable. Each colour assigned to a node in a 

Fig. 3. SeOM–ANN training progress output for this study.  
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component corresponded to the level (category) measured. The more 
intense red colours represented the very high-value levels, lighter green 
colours the moderate value levels and the intense blue colours repre-
sented the very low-value levels (Fig. 4). The Likert scale in Fig. 4 was 
used as a guide to categorize the level of intensity for each variable 
measured, not as an indicator of soil contamination levels. Closer com-
ponents were judged based on their colour gradients (Li et al., 2018). 
Consistent colour gradients indicated a positive correlation while 
inconsistent ones suggested a negative correlation. As reported by Li 
et al. (2018), the similarities and contrast between components were 
established through PCA in R. 

2.4. K–means clustering algorithm 

One of the limitations of SeOM–ANNs is the inability to show clear 
delineations of the output neurons in terms of clusters and/or subgroups 
(Park et al., 2003). This may be manually inferred from a neighbor 
distance plot (U-Matrix algorithm) (Li et al., 2018), although it may not 
be the best way to determine the cluster boundaries. Hence, a k–means 
clustering algorithm was used to confirm the various cluster boundaries 
produced by the U-Matrix algorithm. This plot is meant to classify 
samples of similar features into k number of groups (Merdun, 2011). The 
classification success of the groups is ensured by minimizing the sum of 
squares of the distance between the data and respective cluster centres. 
The elbow/withinss and silhouette methods were used to establish the 
optimal number of clusters for the scaled/normalized data. All iterations 
and plots were performed in R using factoextra, ggplot2 and NbClust 
packages. 

2.5. PCA algorithm 

The PCA algorithm finds application in the extraction of principal 
components responsible for variations in the dataset (Borůvka et al., 
2005; Kebonye et al., 2020). According to Brahim et al. (2011), PCA 
follows a linear equation, 

PCi = Ai1X1 +Ai2X2 +⋯+AinXn (1)  

where PCi is the ith principal component, X is the explicative variable, n 
is the number of variables and i are 1, 2, 3, …, n. In this study, PCA was 
simply used to reduce the dimensionalities of the PTE and selected soil 

properties, thereby projecting the visual relationships between the 
different components. It also provides insight on the similarities, dif-
ferences, co-existence, or mutual dependence between different vari-
ables (Borůvka et al., 2005; Kebonye et al., 2020). Results for PCA were 
also used to validate the results of the correlation matrix. For PCA, data 
needs to be scaled to obtain a level plane to ease comparison. According 
to Borůvka et al. (2005) having executed the PCA procedure, the first 
three components are usually obtained. These components are further 
rotated through a Varimax rotation procedure to derive the coefficients 
(Borůvka et al., 2005). For a detailed discussion on PCA, please refer to 
Borůvka et al. (2005). 

2.6. Geostatistical modeling 

To run a conditional simulation of an area, first of all, the ordinary 
kriging estimates have to be generated. “An ordinary kriging (OK) es-
timate is a linear weighted average of the available n observations,” 
(Bostan et al., 2012). In expression form, this is given by 

Z*(s) =
∑n

i=1
λiZ(si) (2)  

where Z*(s) is the OK estimates at point s, λi are the OK weighted co-
efficients and si are the observation points (Bostan et al., 2012). The SGS 
was used to map the spatial distributions of the PTEs following Heuve-
link (2019). “Simulation is used to mean the creation of values of one or 
more variables that emulate the general characteristics of those we 
observe in the real world” (Webster and Oliver, 2007). In SGS individual 
grid cells are sequentially simulated one after the other (Webster and 
Oliver, 2007). In this study, SGS was used to generate 500 conditional 
Gaussian simulations (CGS) for each PTE with a final average CGS 
generated at the end. The conditional Gaussian simulation referred to 
the fact that there was conditioning data or existing observations used to 
‘condition’ the simulation outcomes. As elaborated by Webster and 
Oliver (2007), the steps followed in conducting the SGS involved, (1) 
ensuring that each PTE data has an approximately normal distribution 
by applying the log-transformation, (2) a semi-variogram for each PTE 
was generated, (3) specify the grid cells to use for simulation (i.e. 27,053 
pixels for the current study), (4) randomly selecting points that would 
generate each of the 500 realizations, (5) simulate each of the selected 
points. More details regarding both SGS and CGS are provided by 
Webster and Oliver (2007). It is worth noting that the authors simulated 
PTE levels and not principal components (PC) of the PTEs. 

In expression form, CGS is given by 

ZCo.sim.(s) = Z*(s)+
[
ZUn.sim.(s) − Z*

Un.sim.(s)
]

(3)  

where ZCo.sim.(s) represents the conditional simulation at point s, Z*(s) is 
the OK estimates at point s and the unconditional simulation error terms 
are ZUn.sim.(s) and Z*Un.sim.(s). The last two terms of Eq. (3) are kriging 
errors. As one of the characteristics of kriging, the error associated with 
the prediction is independent (Webster and Oliver, 2007). It is these 
terms that are eventually used to condition the simulation. To assess the 
performance of the spatial interpolations, a five-fold-cross-validation 
was applied (Pebesma, 2004). The accuracy indicators used were, 
mean error (ME), root mean square error (RMSE) and the coefficient of 
determination (R2). All mapping procedures were performed using R 
packages gstat, sp., MASS, rgeos, rgdal and colorRamps. 

2.7. Statistical analysis 

Data visualizations and analyses were achieved through IBM Statis-
tical Package for Social Scientists (SPSS) version 20 and R Studio (3.5.4) 
(R Core Team, 2019). A Tukey post hoc test at an alpha of 0.05 was 
performed for mean comparisons of distinct variables between clusters. 
Descriptive statistics including minimum and maximum values, 

Fig. 4. Proposed Likert scale showing individual value levels for each colour 
used in a component. 
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averages, standard deviations, skewness and percentiles of the data were 
generated. There were two missing values in the Cox (%) dataset. The 
mice package in R was used to conduct a multivariate imputation by a 
chained equation, where a predictive mean matching (PMM) approach 
was used to predict the two missing values. The first imputation values 
for each missing dataset were selected as optimal and suitable. Geo-
statistics assumes a normal distribution of the data. As such, before 
mapping the PTEs with SGS, the Shapiro-Wilks test for normality was 
applied to the data to confirm which PTEs had or did not have a normal 
distribution. The correlation matrix between the variables and spatial 
distribution maps were also performed through R. Data used in k–means 
and PCA plots were normalized. Generally, the study flowchart is shown 
in Fig. 5 below. 

3. Results and discussion 

3.1. Characterization of PTEs and soil chemical properties data 

The descriptive statistics of the soils are shown in Table 1. Potentially 

toxic element levels were diverse; they ranged from low to very high 
levels all with positively skewed distribution. All maximum PTE levels 
observed in Table 1 were way above average and ranges expected for 
world surface soils given by Kabata-Pendias (2011) of 0.53 mg/kg Cd, <
0.10–197.0 mg/kg As, 3.0–189.0 mg/kg Pb, 0.30–9.50 mg/kg Sb and 
17.0–125.0 mg/kg Zn, respectively. The Příbram region is known for its 
elevated PTE levels which were a resultant effect of historic mining 
activities that left the soils contaminated (Borůvka and Vácha, 2006). 
Moreover, because of past flooding events, these PTEs have been 
transported beyond their initial historic deposits to several other 
initially unaffected sites. This incidence is in agreement with the find-
ings by Ciszewski and Grygar (2016) which confirmed flooding events as 
capable and instrumental in the redistribution of contaminants in 
floodplain soils. Oxidizable carbon (Cox) levels ranged from 0.92 to 
9.80% which is expected for such an environment, mostly comprising of 
short vegetation species (e.g. grasses, bushes). Soil pH ranged from 
acidic (4.64) to slightly alkaline (7.23). With an average pH_H2O value 
of 6.23, it could be inferred that the soils were generally slightly acidic 
(Table 1). 

Fig. 5. Flow chart showing the relationships among the methods.  

Table 1 
Descriptive statistics of the variables measured.   

Cd As Pb Sb Zn Cox pH_H2O 

Unit <———————————————————————mg/kg——————————————————————> %  

Average  25.9  225.4  1960.0  95.7  2360.7  3.4  6.2 
Std. deviation  13.6  155.3  1208.4  72.2  1441.2  1.6  0.4 
Minimum  1.6  4.5  37.9  2.1  49.4  0.9  4.6 
Maximum  98.9  1131.5  6880.4  424.8  9502.8  9.8  7.2 
Skewness  1.5  2.2  1.5  2.4  1.7  1.7  − 0.7 
Percentiles 25th  17.6  140.7  1247.7  56.2  1504.8  2.4  5.9 

50th  24.9  207.2  1679.4  83.3  2214.6  3.0  6.3 
75th  32.4  272.1  2410.3  110.6  3044.1  4.0  6.6  
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Fig. 7. Correlation matrix of the variables measured (n = 158) (* Correlation significant at 0.05, ** Correlation significant at 0.01, *** Correlation significant at 
0.001 respectively). 

Fig. 6. Average results for 500 realizations/CGSs for each PTE studied (NB: Scale is in a log-transformed form).  
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3.2. Spatial distributions of the PTEs 

According to the Shapiro-Wilks test for normality, none of the PTEs 
data showed normal distribution; therefore, each element data had to 
first be log-transformed to obtain an apparent Gaussian distribution. The 
spatial distribution of PTEs varied greatly across the study area (Fig. 6). 
The PTE concentration levels showed an increasing trend towards the 
northern part of the maps while mostly lower levels occurred in the 
southwestern parts of the study area (Fig. 6). The cross-validation results 
for each CGS map are provided in the supplementary data, denoted as 2. 
Such distribution and occurrence of these PTEs were attributed to the 
manner of sedimentation deposit of the alluvium in the area (Nováková 
et al., 2015). Moreover, the recent floods that occurred in 2002 within 
the study area could have also contributed to the way and form of PTEs 
distribution observed (Vaněk et al., 2008). Apart from the way of sedi-
mentation and floods, other factors including soil type, slope, land use, 
elevation and vegetation cover have also been established to influence 
PTE distribution for different soils of the world (Eze et al., 2010; Santos- 
Francés et al., 2017; Zhang et al., 2018). Generally, CGS results showed 
proper delineation of the PTE hotspots within the area with much detail 
(Fig. 6). 

In general, SGS produces high-resolution maps that can provide more 
details of the PTE spatial distributions. Moreover, because SGS caters for 
the spatial variability as well as continuity (Ersoy et al., 2008) associated 
with predictions of the PTEs, this method is valuable for establishing 
their potential sources and pathways, for developing specific remedia-
tion techniques as well as for studying their biogeochemical cycles (Eze 
et al., 2019). Furthermore, SGS provides a much easier way to represent 
as well as differentiate spatio-temporal heterogeneity associated with 
PTE concentration levels. Such information may enable better assess-
ment of dynamic interactions that exist within the environs of polluted 
mining soils (e.g. Skála et al., 2020). 

3.3. PTE soil chemical property interactions 

Correlation matrix results showed very strong positive relationships 
between the PTEs (e.g. r = 0.90 for Zn/Cd, r = 0.88 for Sb/Pb) (Fig. 7). 

Strong positive relationships between PTEs have been connoted to 
represent similar sources between these contaminants or their co- 
existence in geochemical processes (e.g. Wang et al., 2020). 
Conversely, there were also much weaker positive as well as negative 
correlations between some PTEs and chemical properties (e.g. r = 0.26 
for pH_H2O/Zn and r = − 0.02 for pH_H2O/Pb respectively) (Fig. 7). 
Such relationships varied from what most studies usually obtain that is, 
strong positively correlating results that tend to depict some level of 
interdependence between both Cox and pH with PTEs. In soils, both pH 
and Cox are responsible for metal bioavailability in soils (Arenas-Lago 
et al., 2014). In the soils of the studied area, it was also confirmed that 
low pH increased the proportion of exchangeable forms of PTEs (Bor-
ůvka and Vácha, 2006). 

3.4. Self-organizing map size suitability 

As highlighted by Li et al. (2018), there are no strict instructions set 
to determine the exact or suitable map size. Therefore, this study 
considered a map size of 5 by 13 to be optimal (containing 65 nodes) 
(Fig. 8). It clearly showed the details and patterns of all the variables 
assessed. The absence of empty output neurons after assorting the var-
iables, all neurons had samples classified accordingly (Fig. 8a), attests to 
the suitability of the chosen map size. The count plot for each neuron 
shows the number of soil samples sorted into each neuron (Fig. 8b). The 
results of a SeOM-ANN are presented as a simple two dimensional visual 
which depicts the proportion of each variable as assorted in each neuron 
of the proposed map. For instance, considering the highlighted neurons/ 
nodes in Fig. 8a (in red colour), the SeOM-ANN differentiated most of 
these variables to have relatively high levels when compared with other 
neurons. With the SeOM-ANN visual below (Fig. 8a) it can be seen how 
the PTEs in terms of their concentration levels are assorted within the 
neurons. 

3.5. Component differences and similarities 

Each of the seven variables was plotted as a component containing 
65 neurons (Fig. 9). Based on the colour gradients, there was no clear 

Fig. 8. 5 by 13 Map size, (a) Proportions of each variable (NB: Some portions were too small thus could not be seen from the figure) and (b) Count Plot (NB: 
Representation of the number of sample points in each node). 
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Fig. 9. Component planes for each variable and a neighbor distance plot/U–Matrix (for the scale colour gradient, see Fig. 4).  
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trend observed in any of the components (Fig. 9). None of the compo-
nents showed a close colour resemblance to the neighbor distance plot 
(U–Matrix). Cadmium, As and Zn all had a single neuron with a very 
high level on the left side of the plot according to the colour gradient. 
Lead and Sb also had a single neuron with a very high level towards the 
bottom centre of the plots. On a general note, there were more blue 
colours observed in all component plots than any other colour except for 
pH_H2O which consisted of brighter shades of yellow and orange. It was 
visually difficult to compare and contrast colours between the compo-
nents. Hence, a PCA plot (i.e. with PC1 and PC2) of the components 
without the scales was opted to show their arrangement (Fig. 10). This 
enabled for a much clearer assortment of the components, whether they 
were similar or dissimilar (Li et al., 2018). The PCA revealed differing 
results than the arbitrary estimation based on colour gradients. A close 
association was observed between Pb, Sb and As together with Cd and 
Zn respectively. Rather than just showing a close association between 
components, colour gradients were similar for closely relating compo-
nents (Fig. 10). A PCA analysis has been used by several researchers to 
illustrate existing interactions between different variables based on 
loadings (e.g. Borůvka et al., 2005; Kebonye et al., 2017). 

3.6. Component and cluster relationships 

Application of the k–means clustering on the trained map (Fig. 8a) 
apportioned it into five separate groups (Cluster 1–5) (Fig. 11). The five 
classes obtained through the k-means clustering as shown by various 
colours resemble the U-Matrix component boundaries. These clusters 
were considered optimal as per the Elbow/withinss and Silhouette 
methods (see supplementary data, denoted as 3). All seven component 
planes representing the 7 input variables (Fig. 11) facilitated proper 
interpretation of the clusters (Alvarez-Guerra et al., 2008). Classification 
of soil samples were such that cluster 1 had the largest number of 
samples, 111 (n = 111), following cluster 2 with 22 (n = 22), cluster 3 
with 11 (n = 11), cluster 4 with 8 (n = 8) and cluster 5 with 6 (n = 6) 
respectively (Fig. 11). 

A distribution map depicting the arrangement of clusters together 

with their corresponding sample identities is shown in Fig. 12. Cluster 1 
occupied most of the sample locations and was widely distributed 
particularly in the mid and bottom regions of the study area (Fig. 12). 
Similar to cluster 1, cluster 2 was also distributed at the bottom and 
bottom left ends of the area. Clusters 3 and 5 were mostly distributed at 
the top of the map. The majority of cluster 4 samples were distributed at 
the bottom of the area (see supplementary data, denoted as 4a). Because 
of the various factors, both anthropogenic and natural, that influence 
soil formation, it is almost impossible to have perfectly segregated 
cluster formations in the distribution map (e.g. Wang et al., 2020). The 
mean comparison for individual components between distinct clusters is 
also shown in Table 2. 

Concerning land evaluation and management, it was also important 
to identify PTEs and soil chemical property hotspots (i.e. cluster 5 
samples) in the study area. Regarding the PTEs, hotspots were identified 
by using the CGS distribution map of each PTE (Fig. 6) together with the 
spatial distributions for each cluster (Fig. 12). To facilitate the under-
standing of the spatial distribution map for the clusters, a concentration 
level delineation based on the proposed Likert scale is presented in table 
form (Fig. 12). For example, the 5th cluster (i.e. represented in yellow 
colour) had the very highest concentration levels for all the PTEs stud-
ied. While locating the yellow sample points in the spatial distribution 
map for the clusters, it was observed as well according to the PTE CGS 
distribution maps that the corresponding areas/points depicted gener-
ally very high concentration levels. This was also the case for the very 
low levels represented by cluster 2 (i.e. green colour). Thus, applying 
both CGS and the cluster map enabled for a more robust approach in the 
identification of these PTE hotspots (Very high as well as very low 
values). 

Such points (i.e. cluster 5 samples) may provide further insights into 
detailed aspects of PTE complexation and fractionation as well as 
biogeochemistry of the polluted mining floodplain soils. Hence, facili-
tate understanding regarding the most appropriate soil remediation 
approaches, both in-situ (e.g. bioremediation, immobilization, vitrifi-
cation and encapsulation) or ex-situ (e.g. landfilling, soil washing, so-
lidification and vitrification) (Liu et al., 2018) and hopefully be 
expanded throughout the study area. For instance, Vaněk et al. (2008) 
while studying aspects of PTE speciation in highly polluted pedons 
within the same area established that there are dynamic interactions as 
well as factors that affect the geochemical patterns of the PTEs. Some of 
the very high-level samples for Cd, As and Zn were L127, L128 and L140 
while those for Pb and Sb were L24, L27 and L111 (Fig. 11). As for soil 
chemical properties, examples with high values were L61 for Cox and 
L87 for pH_H2O. For very low levels for all PTEs, some samples included 
L25, L28, L29, L68, L141, L151, L156 and L158 respectively (refer to 
supplementary data denoted 5 for more detailed visuals). 

Samples for pH_H2O were also similar to the record established for all 
PTEs with the exclusion of sample L68. For Cox one of the very low-level 
samples was L4. One of the samples, L65 had levels ranging between 
high – very high for Cox with all low – very low PTE levels. Sample L61 
had high – very high pH_H2O as well as very low – low PTE (only for Cd, 
As, Pb and Sb) levels. Some of these samples with high – very high 
pH_H2O levels and high – very high for all PTE levels were L127, L128 
and L140. These also had very low – low Cox and high – very high levels 
for all PTEs. Potentially toxic element behaviour in soils of the flood-
plain is greatly affected by Cox and pH_H2O (Borůvka and Drábek, 2004). 
For instance, Kabata-Pendias (2011) highlights the dependency of Cd 
solubility and mobility on soil pH. Acidic pH from 4.5 to 5.5 increases Cd 
mobility while alkaline conditions reduce mobility. It has also been re-
ported that organic matter or carbon acts as a binding site for Pb ions in 
soils. As an example, contaminated soils act as a sink for Pb (Kabata- 
Pendias, 2011). Therefore, the nature and properties of soils in the 
floodplain potentially affected the distribution of PTEs. 

Fig. 10. PCA based arrangement of the first and second principal component 
plane loadings. (Closely located variables also showing similar colour gradients 
showed a high correlation between the variables and vice versa). 
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Fig. 11. Classification of components into different clusters, including actual sampleIDs (NB: Zoomed in figures of the Sample IDs within the clusters are provided in 
the supplementary data, 2a-h). 
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4. Conclusions 

Floodplain soils of the Litavka River were assessed for PTEs (Cd, As, 
Pb, Sb and Zn) and soil chemical properties (Cox and pH_H2O). A 
SeOM–ANN algorithm was used to visualize this input data in a 2D to-
pology map. Similarities in colour gradients for Sb/Pb/As and those of 

Zn/Cd represented some level of co-existence in geochemical processes 
as well as communality in sources between these elements. With the aid 
of k–means clustering it was possible to assort each component or input 
variable into 5 distinct clusters meant to help interpret where each 
sample belonged. Each cluster was further shown in a distribution map. 
Cluster 5 mostly showed high – very high PTE levels while cluster 1 
showed mostly low – very low PTE levels. Cluster trends between 1 and 5 
for Cox together with pH_H2O were not easily predictable like those for 
PTEs. The results for CGS were also in agreement with the SeOM-ANN 
results regarding the identified PTE hotspots in the area. Overall, 
SeOM-ANN coupled with CGS proved to be a powerful tool combination 
for visualizing and identifying PTE hotspots on a quest to facilitate 
effective land evaluation and monitoring. 
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Fig. 12. Spatial distribution of each cluster plus the level delineations based on Likert scale (NB: Zoomed in figures are provided in the supplementary data, denoted 
as 3a-g). 

Table 2 
Mean comparisons for similar variables based on clusters.  

No. Cluster 

1 2 3 4 5 

Variable 
Cd  24.98a  10.54b  39.06c  37.75c  59.81d 

As  198.22a  87.83b  444.02c  271.62a  771.10d 

Pb  1857.51a  777.66b  3299.62c  2003.41a  5676.75d 

Sb  81.83a  37.81b  192.13c  106.09a  374.01d 

Zn  2162.21a  777.53b  3891.26c  4272.70c  6481.22d 

Cox  3.02ace  4.41be  2.69ce  6.59d  2.91bce 

pH_H2O  6.33ade  5.69bc  5.93bc  6.44ade  6.53ade 

Significant differences were observed between mean values in a similar row as 
depicted by varying superscript letters (Tukey-Kramer post hoc test, α = 0.05) 
(n = 158). 
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Trujillo-González, J.M., Torres-Mora, M.A., Keesstra, S., Brevik, E.C., Jiménez- 
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Received: 25 May 2020 / Accepted: 8 March 2021

� The Author(s), under exclusive licence to Springer Nature B.V. 2021

Abstract Environmental pollution by potentially

toxic element (PTE) and the associated health risks

in humans are increasingly becoming a global chal-

lenge. The current study is an in-depth assessment of

PTEs including the often studied lead (Pb), manganese

(Mn), zinc (Zn), arsenic (As) and the less-studied

titanium (Ti), rubidium (Rb), strontium (Sr), zirco-

nium (Zr), barium (Ba) and thorium (Th) in highly

polluted floodplain topsoil samples from the Litavka

River, Czech Republic. Soil chemical properties

including carbon (Cox) and reaction (pH_H2O)

together with iron (Fe) were assessed in the same

soils. A portable X-ray fluorescence spectrometer (p-

XRFS) (Delta Premium) was used to measure the

PTEs and Fe contents of the soils. Soil organic carbon

and reaction pH were determined following routine

laboratory procedures. The concentration level of each

PTE was compared against world average and crustal

values, with the majority of elements exceeding the

aforementioned geochemical background levels.

Distributions of the PTEs were mapped. Two pollution

assessment indices including enrichment factor (EF)

and pollution index (PI) levels were calculated and

their means for Zn (43.36, 55.54), As (33.23, 43.59)

and Pb (81.08, 103.21) show that these elements were

enriched. Zn, As and Pb accounted for the high

pollution load index (PLI) levels observed in the study.

The EF and PI distribution maps corresponded with

the concentration distribution maps for each PTE. On

health risk assessment, hazard quotients (HQ) in

different human groups varied. Children had the

highest HQs for all PTEs than adults (women and

men). PTEs with high HQ levels in distinct human

groups were As, Zr and Pb. Zirconium is a less likely

element to pose a health risk in humans. Nonetheless,

it should be kept in check despite its low pollution

occurrence.
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Department of Soil Science and Soil Protection, Faculty

of Agrobiology, Food and Natural Resources, Czech

University of Life Sciences Prague, Kamýcká 129,
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Introduction

Soil is a valuable resource that continues to suffer

owing to the rapid pollution associated with industri-

alization and modernization (Gholizadeh et al., 2015).

Floodplain or riverine soils to be specific are prone to

pollution by potentially toxic elements (PTEs) usually

sourced from geogenic and/or anthropogenic sources

(Frohne et al., 2014). Despite this, some people

continue to use these soils for arable farming because

of their high fertility (Rinklebe et al. 2019). The

distribution and occurrence of PTEs in floodplain soils

are affected by various factors including but not

limited to terrain attributes (e.g., slope, elevation), soil

physicochemical properties (particle size, carbon,

pH), pollution sources (e.g., mining activities, metal

smelting) and flooding events/ occurrences (Vaněk

et al., 2008). Floodplain soils of the Litavka River,

Czech Republic are heavily polluted as a result of

combined historic lead-silver (Pb–Ag) mining and

smelting activities as well as extreme flooding events

that occurred varyingly between the years 1932 and

2002 (Borůvka & Vácha, 2006; Vaněk et al., 2008).

According to several authors, this has resulted in

secondary pollution of the Litavka River (Kotková

et al., 2019; Navrátil et al., 2008; Nováková et al.,

2015).

Many studies have assessed various aspects of PTE

occurrence around the Litavka River area including

their contents, speciation, mobility/migration and

distribution (e.g., Borůvka & Drábek, 2004; Borůvka

& Vácha, 2006; Borůvka et al., 1996; Dlouhá et al.,

2013; Ettler et al., 2006; Kotková et al., 2019;

Nováková et al., 2015; Vaněk et al., 2005, 2008).

Most PTEs emphasized by these studies have included

lead (Pb), cadmium (Cd), zinc (Zn) and arsenic (As).

Potentially toxic element interactions with soil prop-

erties have been observed by several researchers, for

example, a PTE-pH-dependent solubility pattern has

been observed at pHs 4 and 10 as well as 5 and 11 in

soils (Jalali & Najafi, 2018). Conversely, Romero-

Baena et al. (2018) established PTEs absorption by

clay fractions and co-precipitation by secondary

mineralogical components in surface soils diversely

sampled in Spain. Also, the complexations formed

between organic and inorganic ligands with PTEs of

cationic form plays a key role in their sorption–

desorption, availability and toxicity in soils (Violante

et al. 2010). According to Choppala et al. (2018), soil

organic matter (SOM) has different functional groups

(e.g., carbonyls: C=O, alcohols: –OH) that can retain

and reduce soluble chromium (Cr) in soils.

In another study on paddy soils, Cd and Zn

enrichment were linked to the organic fraction in soils

(Zhou et al., 2018). These properties distinctively play

important roles in PTE distribution, behavior and

occurrence for various soils (Rinklebe et al., 2019).

Potentially toxic elements including rubidium (Rb),

strontium (Sr), thorium (Th), titanium (Ti), barium

(Ba) and zirconium (Zr) have received marginal

attention when it comes to floodplain soils. Similar

to the observation made by Rinklebe et al. (2019)

concerning floodplain soils at the Elbe River (Ger-

many), there is a dearth of research for the Litavka

River floodplain soils especially the least studied

PTEs, despite their equal capabilities to pollute as well

as pose potential human health risks. Moreover, while

considering most studies on human health risk owing

to PTE(s) contamination of soils, few studies account

for potential human health risks associated with least

studied PTEs (e.g., Rb, Sr, Ti, and so on). Conversely,

studies on potential human health risk assessment are

somewhat limited in the Czech Republic. Again,

floodplain soils for example those of the Litavka area

belong to the most polluted soils in Europe and thus

require detailed assessment and evaluation (Vácha

et al., 2016). According to Bambas (1990) and

Kotková et al. (2019), the area has polymetallic ore

deposits made of Ag-bearing galena (PbS), antimonite

(SbS), sphalerite (ZnS) and gangue materials that have

continuously been mined until 1972 (Borůvka &

Vácha, 2006; Ettler, Johan, et al., 2005; Ettler, Vaněk,

et al., 2005). Mining and smelting activities (e.g.,

waste dumping, rupture of tailing ponds) associated

with these deposits would later become an environ-

mental problem (Kotková et al., 2019). Some of these

environmental problems included continuous deposi-

tion and accumulation of PTEs in topsoils as well as

secondary pollution (Žák et al., 2009) of the Litavka

River as part of past flooding events (Kotková et al.,

2019; Vaněk et al., 2008).

The potential health risks of the least studied PTEs

in humans are not well documented on (Rinklebe et al.

2019). Per contra, the spatial variability and distribu-

tion of the least studied PTEs are rarely considered in

soil studies and more explicitly for floodplain soils;

thus, such deficiency asserts the novelty of the current

study. This study comprehensively assessed PTE
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contents of titanium (Ti), manganese (Mn), arsenic

(As), rubidium (Rb), strontium (Sr), zirconium (Zr),

barium (Ba), lead (Pb) and thorium (Th), soil chemical

properties pH and carbon (Cox) together with iron (Fe)

levels for floodplains soils of the Litavka River area.

Specific objectives were to: (i) determine selected

PTE, Fe, pH and Cox contents in floodplain soils; (ii)

estimate PTE pollution levels using the indices of

enrichment factor (EF), pollution index (PI) and

pollution load index (PLI); (iii) map the distribution

of PTE contents and pollution levels of the floodplain

soils and; (iv) assess health risks [Average Daily

Doses (ADD) and Hazard Quotients (HQ)] associated

with each PTE in various human groups (i.e., children,

women and men). The findings of this study are

expected to aid policymakers, environmentalists and

health experts in precise and firm decision making

regarding human–PTE interactions.

Materials and methods

The geographical location of the study area

The study area is situated near the Litavka River area

in the Central Bohemian Region, South West of

Prague, Czech Republic (Fig. 1a, b). This is approx-

imately between northings - 1,078,000 to

- 1,080,000 and eastings - 777,800 to - 777,400.

It has temperate climatic conditions characterized by

mean annual temperature and rainfall amount ranging

between 6.5–7.5 �C and 600–800 mm, respectively

(Borůvka & Vácha, 2006; Kotková et al., 2019).

Predominant soil types in the area are Fluvisols (FL)

covered by various grass species (Kotková et al.,

2019). Water availability from the Litavka River has

attracted a lot of irrigation and agricultural activities in

the area, which is also famous for its historic mining

activities.

Soil sampling and laboratory analysis

A total of 158 topsoil samples were collected during

the year 2018. Sampling followed combined grid and

transect sampling designs (Fig. 1). Bulk soils were

collected from a depth of 0 to 25 cm through a manual

auger and packaged in plastic Ziploc bags with sample

identity labels. All samples were subsequently air-

dried at room temperature, disaggregated and sieved

(\ 2 mm) to remove all debris (e.g., rock fragments,

large roots, plastics). Organic carbon (denoted by Cox

in the study) levels were determined through the

Walkley–Black chromic acid wet oxidation method

with consequent titration while pH levels in water

suspension (denoted by pH_H2O) were measured

using a pHmeter in a soil: water ratio of 1:2 (w/v). The

Cox levels were presented in weight percentage (%)

form. Several researchers have intensively studied the

area as well as provided soil textural data and cation

exchange capacity (CEC) measurements obtained

from soil samples collected within the area (e.g.,

Ettler, Johan, et al., 2005; Ettler, Vaněk, et al., 2005;

Vaněk et al., 2005, 2008; Tremlová et al., 2017).

Potentially toxic elements (Ti, Mn, Zn, As, Rb, Sr,

Zr, Ba, Pb and Th), as well as iron (Fe) contents were

obtained with a handheld portable X-ray Fluorescence

Spectrometer (p-XRFS) (Delta Premium). All ele-

mental measurements were converted to milligrams

per kilogram (mg/kg). Each sample was measured

three times with an average per element generated by

the spectrometer at the end of each analysis. Several

authors over the years have emphasized the efficiency

of the p-XRFS in obtaining rapid and easy elemental

measurements of soils (e.g., Eze et al., 2016;

Mukhopadhyay et al., 2020; Paulette et al., 2015;

Ravansari et al., 2020). Before analyzing the sieved

soil samples with p-XRFS, they were pulverized to

further reduce their particle sizes. The p-XRFS was

operated according to the manufacturer’s instructions

(e.g., calibration, setting the time spent during anal-

ysis) to reduce any form of inconsistencies and

deficiencies in the resulting output. For quality control

and assurance, two standard reference materials

(SRM), NIST 2711a and NIST 2709a were regularly

measured alongside the soil analysis. Results for the

recoveries are provided in the supplementary data

(Table A6 and A7). The Department of Soil Science

and Soil Protection at the Czech University of Life

Sciences in Prague (CZU) provided the platform as

well as equipment to perform all the analyses with full

permission.

Soil pollution and health risk assessment

Numerous indices have been used to estimate pollu-

tion levels in soils (Kowalska et al., 2018). In the

current study, the EF, PI and PLI were applied (Eq. 1,

2 and 3, respectively). The EF was used for its ability
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to reduce elemental variability in soils, PI could

evaluate the degree of pollution in topsoils and the PLI

allowed for multiple PTEs to be combined while also

utilizing already obtained PI values (Kowalska et al.,

2018).

EF assessment

The EF is given by the equation:

EF ¼
Cx=Ca

� �
sample

Cx=Ca

� �
background

ð1Þ

where (Cx/Ca)sample represents the concentration

(C) ratio between the element of interest ‘‘x’’ to iron

(Fe) ‘‘a’’ in a topsoil sample, and (Cx/Ca)background is

the concentration ratio between the element of interest

to a reference element in a local geochemical back-

ground (LGB) sample. The reason for using Fe as a

reference element for normalization when calculating

the EFs levels is because Fe is mainly of lithogenic

origin and is a relatively stable element in soils.

Further details on the selection of a reference element

are provided by Kebonye and Eze (2019). The division

of EF levels was in six main classes (Chai et al.,

2017),\ 1 (No enrichment (NE)), 1–3 (Minor enrich-

ment (MiE)), 3–5 (Moderate enrichment (MoE)), 5–10

(Moderately severe enrichment (MoSE)), 10–25 (Sev-

ere enrichment (SE)), 25–50 (Very severe enrichment

(VSE)) and[ 50 (Extremely severe enrichment

(ESE)). This study used world average values for

Fig. 1 a The study area relative to the Přı́bram town, Czech

Republic and b location of all sampling points in red and yellow

(Note: The colours represent two sampling campaigns in 2018.

Also a detailed sampling design providing the sample names can

be found in the supplementary data denoted by figure A1)
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uncontaminated soils suggested by Kabata-Pendias,

(2011) because of the unavailability of background

values in the Czech Republic.

PI assessment

PI is given by the equation:

PI ¼
Cxð Þsample

Cxð Þbackground
ð2Þ

This evaluates the concentration ratio between the

element of interest in a sample (Cx sample) and LGB

(Cx background) of that same element (Kowalska et al.,

2018). This time a reference or proxy element

previously used in the EF assessment is excluded. In

PI, the pollution classification is based on four main

divisions,\ 1 [No pollution (NP)], 1–3 [Moderate

pollution (MP)], 3–6 [Considerable pollution (CP)]

and[ 6 [Very high pollution (VHP)] (Malkoc et al.,

2010; Sayadi et al., 2015).

PLI assessment

PLI is computed through the equation:

PLI ¼ ðPI1* PI2* PI3�. . .* PInÞ
1
n ð3Þ

where each PI represents the ratio in Eq. 2 for

individual PTEs 1, 2, …, n. Their product is raised

to the power 1 over n, ‘‘n’’ is the total number of PTEs

studied. Significant pollution levels are PLI’s greater

than 1 (PLI[ 1) (Rinklebe et al., 2019).

Health risk assessment of children, women

and men

Risk assessment for children (C), women (W) and

men (M) exposed to topsoil pollution by PTEs were

evaluated by first computing the ingestion ADDs

(ADDingestion in mg/kg/day) for each human group

(C,W andM) (Ge et al., 2019; Rinklebe et al., 2019) as

follows:

ADDingestion ¼
Cx � IR � EFreq � ED � 10�6

� �
BW � ATð Þ ð4Þ

whereCx is the concentration of the element of interest

in the soil as used in both EF and PI equations (mg/kg);

IR being the soil ingestion rate expressed in mg/day

(child: 200 mg and adult: 100 mg dust per day); EFreq

is the exposure frequency in days/year (child: 350 and

adult: 250 days per year); ED as the exposure duration

in years (child: 6 years and adult: 25 years); 10–6 for

unit conversion in kg/mg; BW is the average body

weight in kg (child: 15 kg, adult male: 68 kg and adult

female: 58 kg); and AT as the average time (ED *

365 days) (child: 2190 days and adult: 9125 days).

All these calculations were performed similarly by

Rinklebe et al. (2019).

Secondly, ingestion HQ(s) for each element were

computed according to the following equation:

HQingestion ¼
ADDingestion

RfDingestion

ð5Þ

where RfDingestion represents the oral reference dose

(mg/kg/day) for each PTE. The RfD(s) for each

element were Ti = 4 (EPA Region 9, 2008), Mn =

0.14, Zr = 0.00008 (EPA, 2019), Zn = 0.3, As =

0.0003, Sr = 600, Ba = 0.07, Pb = 0.0035 (Rinklebe

et al., 2019), while those for Rb and Th were

unavailable. HQs greater than 1 were considered

indicative of a high likelihood of hostile health effects

in either children or adults.

Data processing, visualization and statistical

analysis

Data visualization was performed in R Studio 3.5 (R

Core Team, 2019). These include boxplots for soil

chemical property data (Cox, Fe and pH_H2O), PTE

(Ti, Mn, Zn, As, Rb, Sr, Zr, Ba, Pb and Th)

concentration and pollution (EF, PI and PLI), ADD

and HQ levels. Potentially toxic element distribution

maps depicting concentration and pollution levels

were also made. A correlation matrix showing the

relationship between PTEs and selected soil chemical

properties was drawn.

Results and discussion

Soil chemical property levels

The soil Fe concentration levels ranged from 18,039 to

490,707 mg/kg (mean of 45,481 mg/kg). Carbon

levels varied from 0.92 to 9.80% (mean 3.37%) which

were slightly lower compared with soil carbon levels

(4.9 to 11.6%) measured for floodplain soils at the
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Elbe River (Germany) (Rinklebe & Langer, 2008).

Soil pH_H2O ranged from 4.64 to 7.23 (mean 6.23).

Summary results for Fe, Cox and pH are available in

the supplementary data (Fig. A3). In delineating

pH_H2O levels based on intensities, 0% of the samples

were alkaline (pH of[ 7.5), 29.7% were neutral (pH

of 6.5–7.5) and 70.3% accounted for the acidic portion

(pH of\ 6.5) (Londo et al., 2006). Therefore, the

majority of the soil samples were considered acidic.

According to Chrzan (2016), acidic conditions favour

the availability and mobility of certain elements in

soils (e.g., copper, cadmium). In soils, iron occurs as

Fe oxide particles (Langen & Hoberg, 1995). Between

pHs of 6.0 to 7.0, these Fe oxide particles tend to have

a high affinity for certain PTEs (e.g., Cd and Zn)

compared to clay minerals (Garcia-Miragaya & Page,

1978; Trivedi & Axe, 2000). On the other hand, Cox is

known to influence metal solubility in soils (Gray &

Mclaren, 2006; Séguin et al., 2004).

While soil acts as the main sink for PTEs, various

reactions between PTEs and soil constituents affect

their complexation, speciation, mobility as well as

solubility (Scokart et al., 1983; Uchimiya et al., 2020).

Potentially toxic elements in soil occur in two main

forms: solid and solution forms. The solid form

represents the immobile or the harmless form of

PTEs, while the latter is the mobile or very harmful

form (Ogundiran & Osibanjo, 2009). Organic and

inorganic ligands act as binding sites of the solid forms

of these PTEs, thus rendering them immobile

(Ogundiran & Osibanjo, 2009). However, these PTEs

may be made available with slight changes in soil

reaction (pH), cation exchange capacity (CEC) and

redox potential (Eh) levels. Meanwhile, the solution

form of these PTEs may occur in ionic form (e.g.,

Pbn ?) or as soluble complexes of organic and

inorganic ligands (COOH-, SO42- and so on)

(McLean & Bledsoe, 1992). Moreover, it is worth

noting that low soil pH increases PTEs solubility while

higher pH levels result in a reduction (Rieuwerts et al.,

1998). The more the amount of PTE in solution forms

in soils, the higher the chances of absorption by plants

and subsequent release of same elements to humans

and animals in the food chain—phytotoxicity.

Concentrations and distribution of PTEs in studied

soils

Ti, Mn, Zn, As, Rb, Sr, Zr, Ba, Pb and Th levels ranged

from 2454.67–6466.33, 471.33–77,280.00,

64.67–17,861.00, 9.13–1248.67, 35.87–95.00,

47.57–185.33, 79.33–480.67, 416.33–1814.67,

54.83–9241.00 and 8.90–25.33 mg/kg, their mean

levels were 4676.33, 4363.36, 3887.57, 297.75,

61.24, 71.93, 275.63, 666.08, 2786.76 and 16.51 mg/

kg (Fig. 2), respectively. In descending order, mean

concentration levels were such that Ti[Mn[Zn[
Pb[Ba[As[Zr[ Sr[Rb[Th. The majority

of PTE average concentration levels in the study were

higher than both crustal and world average values

(CAV and WAV) provided by Kabata-Pendias (2011)

which indicated some level of contribution from

mining and smelting activities around the area (refer

to supplementary data, Fig. A2). The extremely high

values of Pb, Zn and As compared to CAV and WAV

in this study are worth mentioning because these are

considered important environmental pollutants. Sev-

eral studies confirm high pollutant emissions associ-

ated with historical smelting activities in the area (e.g.,

Ettler et al., 2010; Ettler, Johan, et al., 2005; Ettler,

Vaněk, et al., 2005; Vurm, 2001).

The soil PTEs level distribution varied extensively

(Fig. 3), an occurrence reflecting variations in the

degree of anthropogenic influence (i.e., historic min-

ing and smelting activities) and probably the way of

sedimentation of the alluvium deposit in the area. The

distribution of Pb, Zn, and As concentration levels

were similar (Fig. 3). These findings coincided with

those obtained by Van Nguyen et al. (2016) who

studied similar elements in different land-use soils of

Northern Vietnam. These elements are usually present

in most anthropogenically sourced pollutants released

in soil environments (e.g., mine tailings, organic and

inorganic fertilizers, sewage sludge, fossil fuels).

PTE interactions with soil chemical properties

In this study, Ti showed a positive linear relationship

with Rb and Zr, respectively (refer to supplementary

data, Fig. A4). Both Ti and Zr tend to present similar

behaviors in soils. Some authors (e.g., Kebonye &

Eze, 2019) have used both Ti and Zr as reference

elements for computing EF levels in semi-arid soils

because they are stable and can resist weathering
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effect. The simultaneous use of Ti, Rb and Zr in soil

genesis research has been reported by Kabata-Pendias

(2011). Zinc exhibited a significant positive relation-

ship with As and Pb while As also strongly interacted

with Pb (refer to supplementary data, Fig. A4). The

results may suggest some level of co-existence in

geochemical processes as well as similarities in

sources between these significantly correlating PTEs

in soils. Other studies verify the same outcome

regarding these PTEs (As, Zn and Pb) in soil (e.g.,

Abraham et al., 2018; Fan et al., 2019). Other

correlations between PTEs included Mn/Ba

(r = 0.769), Rb/Zr (r = 0.57) and Rb/Th (r = 0.50)

(refer to supplementary data, Fig. A4).

Strontium was the only element that showed a

significant positive correlation with Cox for the study

soils (refer to supplementary data, Fig. A4). These

results are in agreement with Kabata-Pendias, (2011)

who emphasized the dependency of Sr on soil organic

matter (SOM). Kebonye et al. (2020) observed similar

interaction for semi-arid soils through structural

equation model estimates. This result may require

further research to assess aspects relating to Sr

biogeochemistry in floodplain soils. In the current

study, Cox did not showmuch positive correlation with

often studied PTEs like Pb, Zn and As. Nevertheless, it

is noteworthy that Cox just like colloidal soil con-

stituents can retain these PTEs (Rinklebe et al. 2019).

Manganese and Ba were strongly positively correlated

as well (refer to supplementary data, Fig. A4), a

situation that might indicate that Ba had much

preference for Mn than Fe. Thus, alike to results by

Rinklebe et al. (2019), Mn oxides may have provided a

strong binding site.

Soil pollution levels

A summary of the soil EF, PI and PLI statistics is

presented in boxplots of Fig. 4. Mean values of EF

levels decreased in the following sequence: Pb

(81.08)[Zn (43.36)[As (33.23)[Mn

(6.21)[Th (1.57)[Ba (1.23)[Zr (0.96)[Rb

Fig. 2 PTE concentration levels in studied soils inmg/kg (n = 158). (Black upper and lower dots represent the upper and lower outliers,

respectively, extreme upper and lower lines are the first and third quartile (Q1 and Q3) and the mid-line is the mean value)
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(0.80)[Ti (0.59)[ Sr (0.37). Each of the element

means ranged in the following enrichment categories:

Pb (ESE), Zn (VSE), As (VSE), Mn (MoSE), Th

(MiE), Ba (MiE), Zr (NE), Rb (NE), Ti (NE) and Sr

(NE), respectively. For PI, mean values decreased in

the same order as EF levels. Each element mean PI

value as well as pollution category was Pb (103.21,

Fig. 3 Distribution of PTE concentration levels in the floodplain soils (n = 158) (Note: Concentration levels are in logarithm scale to

ease colour gradient visualization)

cFig. 4 a EF, b PI and c PLI levels in studied soils (n = 158)

(Note: Red dotted lines represent sequential pollution cate-

gories, respectively. Black upper and lower dots represent the

upper and lower outliers, respectively, extreme upper and lower

lines are the first and third quartile (Q1 and Q3) and the mid-line

is the mean value)
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VHP), Zn (55.54, VHP), As (43.59, VHP), Mn (8.94,

VHP), Th (1.79, MP), Ba (1.45, MP), Zr (1.03, MP),

Rb (0.90, NP), Ti (0.66, NP), Sr (0.41, NP), respec-

tively. According to PLI levels, all soil samples were

considered significantly polluted (Fig. 4c). It is worth

mentioning that the PLI (individual value per sample)

is a computation of several PTEs studied. Therefore, if

most PTEs were not enriched, PLI levels would be

expected to be low (Rinklebe et al., 2019).

Zinc, As and Pb mean EF levels were somehow

enriched. These elements together with Mn were also

confirmed to be enriched based on mean PI levels.

Both EF and PI levels suggest some deposition of

PTEs in the study soils which is also justifiable in

Fig. 5 Distribution of EF levels in study soils (n = 158)
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previous studies of the same locality and the vicinity

(e.g., Borůvka & Vácha, 2006; Borůvka et al., 1996;

Ettler et al., 2006; Kozák et al., 1995; Vaněk et al.,

2005). In other parts of the world, floodplain soils

continue to accumulate PTEs as a result of anthro-

pogenic activities (e.g., industrial, mining and

municipal effluents) (e.g., Barać et al., 2016; Devai

et al., 2005; Jiménez-Ballesta et al., 2017). Barium and

Th EF and PI mean levels indicated that the elements

had minor enrichment (MiE) and were moderately

polluted (MP) (Fig. 4a, b). At least one sample was

considerably polluted (CP) with Ba (Fig. 4b). The

Fig. 6 Distribution of PI levels in study soils (n = 158)

123

Environ Geochem Health



majority of the samples were within the non-enrich-

ment (NE) (Fig. 4a) and moderately polluted (MP)

(Fig. 4b) regions for Zr. These results suggested that

Zr is non-anthropogenically sourced (agreeing with

Jiménez-Ballesta et al., 2017 and Kabata-Pendias,

2011).

Regarding the remaining elements (Ti, Rb and Sr),

mean EF (0.59, 0.80 and 0.37) and PI (0.66, 0.90 and

0.41) levels, respectively, indicated that the soils were

non-polluted (NE, NP). However, Ti and Rb EF levels

for certain samples signified minor enrichment (MiE).

Ti, Rb and Sr could have been enriched rather with

heavy anthropogenic activities associated with speci-

fic mining of these elements, paint making, radioactive

waste handling steel and glazed ceramic production

(e.g., Maina et al., 2016; Simonin et al., 2016;

Timofeeva et al., 2018). Other than these, most Ti,

Rb and Sr soil enrichment is largely associated with

weathering and pedogenesis of the site-specific lithol-

ogy (Egli & Fitze, 2000; Horbe & Anand, 2011;

Kabata-Pendias, 2011; Wang et al., 2009). This is

because these elements tend to have a strong affinity

for silicate minerals. The EF and PI distribution maps

(Figs. 5 and 6) of each PTE somehow coincided with

the respective concentration level distribution maps

although it was not clear based on the colour gradients

(Fig. 3). Further details regarding the EF and PI level

distribution of the study samples can be observed from

the boxplots in Figs. 4a and 4b. PLI levels were widely

distributed (refer to supplementary data, Fig. A5).

Remarkably, some of the highest PLI levels were

observed on the topmost sample points (e.g., L24, L27,

L111 and L127) of the distribution map (refer to

supplementary data, Fig. A5). These very sample

points (i.e., L24, L27, L111 and L127) constituted

some of the highest Pb and As concentration levels,

thus, an explanation as to why they yielded high PLI

levels.

Health risk assessment

Average daily dose (ADD)

ADDs per PTE in both children and adults (women

and men) are summarized through boxplots (Fig. 7).

General mean ADDs per PTE for children and adults

(women and men) decreased in this order: Ti[Mn[
Zn[ Pb[Ba[As[Zr[ Sr[Rb[Th,

Fig. 7 Distribution of ADD comparisons per element between

different human groups in mg/kg/day (n = 158) (Similar colours

represent same element ADD levels in children: C, women: W

and men: M. Black upper and lower dots represent the upper and

lower outliers, respectively, extreme upper and lower lines are

the first and third quartile (Q1 and Q3) and the mid-line is the

mean value)
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respectively. Generally, ADDs per element in children

were higher than those corresponding for adults.

Hazard quotients (HQ)

The results of the HQs which were used to assess

health risks in children, women and men are shown in

Fig. 8. Mean elemental HQs in children ranged

between 1.53 9 10–6 to 4.41 9 101 while in women

and men they ranged from 1.42 9 10–7 to 4.07 9 100

as well as 1.21 9 10–7 to 3.47 9 100, respectively.

Children had the highest mean HQ for each PTE

compared to adults (Fig. 8). Based on the HQ levels, it

showed that children are at a higher exposure risk for

most of these PTEs compared to adults, and these

results are in agreement with related studies (Rinklebe

et al., 2019; Mensah et al., 2020; Jadoon et al., 2020).

According to Jadoon et al. (2020), children are at

higher risk of exposure to these PTEs because of

activities related with hand to mouth practices (e.g.,

finger-licking, unlimited eating from the ground). HQ

mean levels for As and Zr (i.e., for all human groups)

were all higher than the threshold of 1 as well as that of

Pb in children. The topsoils pose health risk with

regards to As and Zr in all human groups and

particularly Pb in children. This study effectively

identified PTEs of potential health risk in humans for

floodplain soils of the Litavka River area.

Potential effects of PTEs with high HQs on human

and animal health

Arsenic, lead and zirconium

Both Pb and As are considered non-essential elements

in the body. Thus, the excessive intake or exposure to

Pb and As may be detrimental in both humans and

animals alike (Mandal, 2017). Arsenic causes various

forms of cancer that usually affect several body parts

including but not limited to the skin, bladder and lungs

Fig. 8 HQ levels per element between different human groups

(n = 158). (Red dotted line represents the baseline level by

which if crossed there may be a high probability of occurrence

of adverse effects) (Similar colours represent same element HQ

levels in children: C, women: W and men: M. Black upper and

lower dots represent the upper and lower outliers, respectively,

extreme upper and lower lines are the first and third quartile (Q1

and Q3) and the mid-line is the mean value)
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(Kadirvel et al., 2007). Furthermore, other less severe

complications that have been observed in As exposed

people include anaemia, swelling of legs, liver fibrosis

and a burning feeling in the eyes (Mandal, 2017). On

the other hand Pb intake can cause damage to most

systems in the body and worse off result in death

(Zhang et al., 2019). In addition to death, Pb may

reduce cognitive development in children (Li et al.,

2020). In animals, acute As exposure causes severe

abdominal pains accompanied by intense vomiting

and diarrhoea. Subsequent effects include circulatory

system failure which may eventually lead to death

within a short time (Mandal, 2017). Similar to humans,

Pb also causes damage to most systems in animals

(Hampton et al., 2018). Zirconium is considered toxic

at very high concentration levels usually as a result of

occupational exposure (Vetrimurugan et al., 2017).

General study recommendations

Regarding people (locals)

Regular community awareness and education cam-

paigns are a necessity to ensure successful interven-

tion (WHO 2020). If people (i.e., locals) can fully

understand the risks of exposure, modes of exposure

and ways of reducing possible exposure, this would

allow them to better respond to the situation. Inter-

mittent testing of locals by health officials would

ensure early detection of likely symptoms that could

be used as possible indicators of poisoning associated

with PTEs (e.g., skin-related ailments) may be helpful.

Parents should always keep a close eye on little

children as they are the most vulnerable group.

Already, because of the high As and Zr HQ levels,

locals should try and reduce their dietary intake for

some foodstuffs that may contain these elements in

their inorganic form. For instance, mussels and

selected seaweeds usually contain high levels of

inorganic As (Edmonds & Francesconi, 1993).

Regarding the study floodplain soils

There is a need for larger investments and research in

line with modern precision mapping techniques such

as Digital Soil Mapping (DSM). These are expected to

help facilitate intermittent identification of PTE hot-

spots within affected areas. Thus, several remediation

techniques could later be tested at each hotspot area

for possible PTE remediation. For example, remedi-

ation techniques involving: containment (e.g., encap-

sulation), extraction and removal (e.g.,

Phytoremediation), as well as solidification and stabi-

lization (e.g., Vitrification) (Liu et al., 2018). In some

instances, low-cost amendments have somehow pro-

ven effective in the immobilization of certain PTEs in

floodplain soils of Germany (Shaheen & Rinklebe,

2015).

Conclusions

The highest PTE enrichment levels of the Litavka

River floodplain soils were observed for Pb, Zn and As

according to the EF and PI indices. These elements

constituted high PLI levels in the riverine soils from

Přı́bram. Generally, EF and PI distribution maps align

well with PTE concentration level maps. Ti in all

human groups (children and adults: women and men)

had the highest ADD levels of all PTEs studied, with

the lowest ADD levels belonging to Th in all groups.

Children had the uppermost ADD levels for all PTEs

than adults (women and men). Therefore, they were at

greater health risk than women and men according to

HQ levels obtained for all PTEs. Arsenic, Zr and Pb

mean HQ levels were the only elements to exceed the

health risk threshold of 1 which meant greater health

risks associated with these elements for affected

human groups. Because of this, there is an intermittent

need to monitor the concentration level changes for

these specific PTEs in the study soils as well as their

potential health risks in all human groups, particularly

in children because of their vulnerability. The current

study was able to provide more insight into the less

studied PTEs (Ti, Sr, Zr, Rb and Th) in floodplain soils

of the Czech Republic. Moreover, we were able to

capture preliminary aspects required for soil pollution

management like mapping the distribution of these

elements (e.g., their concentration and pollution

levels). This information is expected to contribute to

the understanding of human–PTE interactions as

obtained in highly polluted soils.
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Drábek, O. (2013). Investigation of polluted alluvial soils

by magnetic susceptibility methods: A case study of the

Litavka River. Soil and Water Research, 8, 151–157.
Edmonds, J. S., & Francesconi, K. A. (1993). Arsenic in sea-

foods: Human health aspects and regulations. Marine
Pollution Bulletin, 26(12), 665–674.

Egli, M., & Fitze, P. (2000). Formulation of pedologic mass

balance based on immobile elements: A revision. Soil
Science, 165(5), 437–443.

EPA Region 9. (2008). Risk Assessment Issue Paper for:

Derivation of interim oral and inhalation toxicity values for

titanium (CAS No. 7440-32-6) and compounds, especially

titanium dioxide (CAS No. 13463-67-7), but excluding

titanium tetrachloride (CAS No. 7550-45-0_, titanium

dichloride and organic complexes of titanium such as

titanocenes. DRAFT document; 95-019/05-26-95).

EPA. (2019). Regional screening levels (RSLs)—Generic

tables. Retrieved from March 18, 2020 from https://

semspub.epa.gov/work/HQ/197025.pdf.

Ettler, V., Johan, Z., Baronnet, A., Jankovský, F., Gilles, Ch.,
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Romania. Geoderma, 243, 130–140.
R Core Team. (2019). R: A language and environment for statistical

computing. R Foundation for Statistical Computing. Vienna,

Austria. Retrieved fromhttps://www.r-project.org/. (Verified on

13 May 2020).

Ravansari, R., Wilson, S. C., & Tighe, M. (2020).

Portable X-ray fluorescence for environmental assessment

of soils: Not just a point and shoot method. Environment
International, 134, 105250.

Rieuwerts, J. S., Thornton, I., Farago, M. E., & Ashmore, M. R.

(1998). Factors influencing metal bioavailability in soils:

preliminary investigations for the development of a critical

loads approach for metals. Chemical Speciation and
Bioavailability, 10(2), 61–75.

Rinklebe, J., & Langer, U. (2008). Floodplain soils at the Elbe

River, Germany, and their diverse microbial biomass.

Archives of Agronomy and Soil Science, 54(3), 259–273.
Rinklebe, J., Antoniadis, V., Shaheen, S. M., Rosche, O., &

Altermann, M. (2019). Health risk assessment of poten-

tially toxic elements in soils along the Central Elbe River,

Germany. Environment International, 126, 76–88.
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determination (R2). The results revealed that Cubist 
1, utilizing all the predictors yielded the best model 
outcome (MAE = 0.51%, RMSE = 0.68%, R2 = 0.78) 
followed by Cubist 2, using predictors with relatively 
high importance (VarImp. predictors) (MAE = 0.64%, 
RMSE = 0.82%, R2 = 0.68), and lastly Cubist 3 with 
predictors showing a significantly positive correlation 
(MAE = 0.69%, RMSE = 0.90%, R2 = 0.62). The 
Cubist 1 model was considered more promising for 
explaining the complex relationships between SOC 
and the pXRF data used. Moreover, for the estimation 
of SOC in temperate floodplain soils all the Cubist 
models gave an acceptable model. However, future 
research should focus on using other auxiliary data 
[e.g., soil properties, data from other sensors (e.g., 
FieldSpec)] as well as extend the study area to cover 
more soil types hence improve model robustness as 
well as parsimoniousness.

Keywords Alluvium · Soil organic carbon · 
Proximal soil sensing · Machine learning algorithms

Introduction

Soil organic carbon (SOC) plays a central long-term 
role in many biogeochemical activities, soil functions, 
and ecosystem services (Adhikari & Hartemink, 2016). 
SOC interactions could be with elemental oxides (Fe, 
Al, Mn, Pb, As, and others), microbial biomass, and 
enzymes, all of which have the potential to mitigate the 
present and continuous climate changes (Gomes et  al., 

Abstract Soil organic carbon (SOC) tends to 
form complexes with most metallic ions within the 
soil system. Relatively few studies compare SOC 
predictions via portable X-ray fluorescence (pXRF) 
measured data coupled with the Cubist algorithm. 
The current study applied three different Cubist 
models to estimate SOC while using several pXRF 
measured data. Soil samples (n = 158) were collected 
from the Litavka floodplain area during two separate 
sampling campaigns in 2018. Thirteen pXRF data 
or predictors (K, Ca, Rb, Mn, Fe, As, Ba, Th, Pb, 
Sr, Ti, Zr, and Zn) were selected to develop the 
proposed models. Validation and comparison of 
the models applied the mean absolute error (MAE), 
root mean square error (RMSE), and coefficient of 
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• We examined the influence of pXRF dataset and SOC 
estimation.

• SOC showed a significant correlation with Ca, Mn, Fe, 
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•  Ca2+ is easily attached to the SOC exchange site in a 
floodplain.

• The Cubist regression algorithm engaging all the 
predictors was more suitable for predicting SOC.

K. John (*) · N. M. Kebonye · P. C. Agyeman · 
S. K. Ahado 
Department of Soil Science and Soil Protection, Faculty 
of Agrobiology, Food and Natural Resources, Czech 
University of Life Sciences Prague, Kamýcká 129, 
165 00 Prague – Suchdol, Czech Republic
e-mail: johnk@af.czu.cz

Environ Monit Assess (2021) 193: 197

/Published online: 17 March 2021

http://orcid.org/0000-0003-2934-5670
http://crossmark.crossref.org/dialog/?doi=10.1007/s10661-021-08946-x&domain=pdf


1 3

2019). SOC composes of several fractions, among 
which some of the portions are recalcitrant while 
others are labile (i.e., easily leached) (Mandal et  al., 
2013). These relative proportions may influence the 
estimation of elemental oxides obtained by portable 
X-ray fluorescence (pXRF) spectrometry. The pXRF 
spectrometer is one of the most proficient proximal soil 
sensors and can compensate for traditional analytical 
protocols such as the atomic absorption spectroscopy 
(ASS) just to name but a few (Kebonye et  al., 2021; 
Weindorf & Chakraborty, 2016). Some of these 
limitations are related to costs as well as the analytical 
procedures involved. Furthermore, for elemental 
analysis and soil studies, the pXRF application is widely 
established (Agyeman et  al., 2020; Kebonye et  al., 
2017; Wang et  al., 2015; Weindorf & Chakraborty, 
2016). Notwithstanding, the pXRF machine cannot 
entirely replace already existing traditional methods 
of assessing SOC [e.g., mass loss on ignition (LOI) 
and Walkley–Black (WB)] due to several limitations 
including but not limited to soil water content and 
power source fluctuations (Ravansari et  al., 2020). 
Moreover, the pXRF in itself cannot generate direct 
measurements of SOC from a soil sample.

Nowadays, there is already a growing demand for 
improved quality, less-expensive, high-resolution, and 
up-to-date soil information for floodplains, focusing 
on precision agriculture and ecological sustainability. 
As a result, the continuous evolution of less-expensive 
quantitative techniques for generating soil information 
has become of interest for many researchers (e.g., 
Viscarra Rossel et al., 2010; Xu et al., 2020).

Numerous models have been used to predict the 
spatial distribution of SOC including machine learning 
algorithms (MLAs) such as the random forests (RFs) 
(Hengl et  al., 2015; Hounkpatin et  al., 2018; Wang 
et al., 2018), support vector machines (SVMs) (Ottoy 
et  al., 2017; Rudiyanto, 2018), and Cubist (Gray 
et al., 2015; Rossel et al., 2016). Nevertheless, little is 
known on the estimation of SOC while utilizing soil 
elemental oxides data obtained via pXRF spectrometer 
coupled with Cubist algorithm. The Cubist MLA 
is a regressive tool generating rule-based predictive 
models (Quinlan, 1992). The approach subsets data by 
rules related to the predictor variables and fits a linear 
regression model to each of the subsets (Appelhans 
et  al., 2015). Cubist can be easily interpreted based 
on the relative importance of the modelling procedure 
(Walton, 2008). The application of this predictive 

modelling approach follows the Parsimony-Occam’s 
razor rule, which states that the best model can explain 
occurrences using fewer variables without retarding 
the performance (Batty & Torrens, 2005). Moreover, 
the Cubist model has a series of rules hierarchically 
arranged, that define the recursive partitioning of the 
prediction variable to minimize the standard deviation 
across all potential splits (Wilford & Thomas, 2013). 
The properties abovementioned assert the Cubist 
model’s robustness when applied in soil modelling.

The previous study by Weindorf et al. (2012) employed 
multiple regression analysis of Zr-normalized pXRF 
elemental data to predict SOC contents in soils developed 
in glacial outwash and volcanic materials. On the other 
hand, visible near-infrared (VisNIR) spectroscopy was 
used to quantify SOC levels in soils, owing to the carbon’s 
property absorption wavelengths in the electromagnetic 
(Viscarra Rossel et al., 2010). Therefore, in this study, we 
hypothesized that since SOC has an extensive exchange 
site and also acts as a binding agent for most ionic metals 
in the soil system, there may be a possibility that pXRF 
data affects the estimation of SOC in flooded cultivated 
soils. Hence, the current study seeks to establish how 
different pXRF measured data coupled with Cubist 
MLAs affect SOC estimation in a cultivated floodplain.

Methods

Study area, soil sampling, and SOC analysis

The study area is located close to the Litavka River, 
approximately between northings − 1,078,000 to 
− 1,080,000 and eastings − 777,800 to − 777,400 near 
Příbram town (Czech Republic) (Fig.  1b). The area’s 
climatic condition is mainly temperate with average 
rainfall and temperatures ranging between 600 and 
800  mm and 6.5 and 7.5°C, respectively (Borůvka 
& Vácha, 2006; Kotková et  al., 2019). Fluvisols and 
gleysols are the primary soil type in the area (Kebonye 
et  al., 2021; Kotková et  al., 2019), anchoring various 
grass and tree species. Socio-economically, the 
area gainfully is engaged for irrigation agriculture 
supported by the Litavka River (indicated by a blue 
color, Fig. 1b) (Kebonye et al., 2021).

Soil collection combined random stratified, 
transect and grid sampling designs to obtain 158 
topsoils (0–25 cm) from the floodplain environment 
(Fig. 1b) via a stainless steel soil auger. The sampling 
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designs were adopted for different projects, but the 
samples were combined for the current study. Pre-
labelled plastic zipper-lock sample bags were used 
to store each bulk soil. The laboratory procedures 
involved air-drying of each soil at room temperature 
(25–35°C); sample crushing and sieving (< 2  mm) 
for consistency, homogeneity, and removal of debris 
(e.g., plant, gravel, and anthropogenic rubbles). 
Soil organic carbon was determined through the 
Walkley–Black chromic acid wet oxidation method 
(Walkley & Black, 1934). The spatial distribution 
of SOC levels in the floodplain soils is presented in 
Fig. 1c.

Soil measurements via pXRF

In this study, part of each soil sample was further 
pulverized through a vibration Micro Mill Pulverisette 

to increase homogeneity. Afterwards, the pulverized 
samples were each packaged fully into sample holders 
provided by the pXRF manufacturer and lid covered 
with a thin polythene film. A stand-mounted Delta 
Premium pXRF device (Olympus Innov-X, USA) 
connected to a pXRF application installed computer 
was then used to scan each soil sample via “Soil mode” 
for total concentrations of 29 elements following the 
EPA guidelines (EPA, 2010). The National Institute 
of Standards and Technology reference materials (i.e., 
NIST 2711a and NIST 2709a) were used to ensure 
analysis quality control and quality assurance (QC/
QA). The results for each element recoveries are 
provided in the supplementary data.

Moreover, each soil sample was scanned three 
times, with an average result computed for each 
soil sample at the very end of the analysis. Before 
estimating SOC, one crucial criterion was to ensure 

Fig. 1  The study area map b relative to Příbram town a (NB: sampling points in red and yellow colors to represent two distinct sam-
pling campaigns in the year 2018, c SOC (%) spatial distribution in the floodplain soils)
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no pXRF datasets containing samples with values 
lower than the detection limit (< LOD). Given that, 
elements including Cr, Cl, S, U, Hg, Sn, Cd, Ag, Mo, 
Y, Cu, Au, W, Sb, Ni, and P were excluded as possible 
predictor variables for SOC estimation. Throughout 
the paper, pXRF data are represented as el_XRF with 
el meaning each element (e.g., Fe_XRF).

QC/QA

This current study followed all quality control and quality 
assurance protocols stipulated by the Czech University 
of Life Sciences (CZU), Soil Science and Soil Protection 
laboratory. The instrument was also calibrated before the 
analytical procedure began using a 316 stainless steel 
coin provided by the pXRF manufacturer.

Machine learning approach

Data handling and processing for machine learning

To estimate SOC, data was split into 80% (calibration) 
and 20% (validation) sets. Tenfold cross-validation 
repeated five times was applied on the calibration 
set throughout all the Cubist models via R packages 
“glmnet,” “mlbench,” “caret,” and “psych” (R Core 
Team, 2019).

Cubist

Cubist is developed as an extension of the M5 
tree model (Quinlan, 1992). According to Kuhn 
(2014), the model structure consists of a conditional 
component—or piecewise function—acting as a 
decision tree, coupled with multiple linear regression 
models. In theory, in the Cubist regression model, 
the tree grows, and the endpoint contains a linear 
prediction model while the branches are regarded as 
a series of “if–then” rules. The tree is reduced to a set 
of rules, which initially are paths from the top of the 
tree to the bottom. Rules are eliminated via pruning 
or combined for simplification. Moreover, as long as 
the covariates’ set satisfies the rule’s conditions, the 
corresponding model calculates the predicted value. 
The Cubist method’s main benefit is to add multiple 
training committees and boosting to make the weights 
more balanced. The prominent application of Cubist 
is to analyze a large number of databases that contain 
a massive number of records and numeric or nominal 

fields (Kuhn, 2014; Quinlan, 1992; Wang et  al., 
1997). More so, when a series of covariates fulfils a 
rule’s condition, the associated model will be applied 
to calculate the predictive value. The Cubist model 
adds boosting with training committees (usually 
greater than one) which is similar to the method of 
“boosting” by sequentially developing a series of trees 
with adjusted weights. The number of neighbors in 
the Cubist model is applied to amend the rule-based 
prediction (Kuhn, 2014). Modelling with Cubist was 
performed in the R platform (R Core Team, 2019).

Machine learning method performance evaluation

The performance of each MLA was evaluated through 
the mean absolute error (MAE), root mean square 
error (RMSE), and the coefficient of determination 
(R2) (Sevastas et al., 2018). A good model prediction 
was expected to have low MAE and RMSE as well 
as an R2 value close to 1. Li et al. (2016) proposes a 
classification criterion for R2 values: R2 < 0.50 (unac-
ceptable prediction), 0.50 ≤ R2 < 0.75 (acceptable pre-
diction) and R2 ≥ 0.75 (good prediction). The same 
criterion was applied in the current study.

where the n denotes the size of the observations, 
SOC(Ai) and SOC(Âi) is the measured response and the 
predicted response values, respectively, for the ith term 
observation, SOC(Ā) being the average of the response 
variable.

Geostatistical approach

In this study, the ordinary kriging (OK) method 
used each Cubist model SOC predictions to map the 
spatial distributions. This kriging approach employs 
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the semivariogram to explain the spatial continuity 
(autocorrelation). The semivariogram estimates the 
strength of the statistical correlation as a function of 
distance. The range is the distance at which the spatial 
correlation disappears, and the sill corresponds to 
the maximum variability in the absence of spatial 
dependence (Wang et al., 2013).

Results and discussion

Characterization of SOC and pXRF data

The mean, minimum, and maximum values of 
the variables in the floodplain soils varied greatly 
(Table  1). For the pXRF data, elements had high 
mean elemental levels. Moreover, all the elements 
measured via pXRF exceeded normal thresholds 
expected for uncontaminated soils (Kabata-Pendias, 
2011). Several authors report above normal levels for 
some of the predictor variables in the same floodplain 
environment (e.g., Borůvka & Drábek, 2004; Borůvka 
& Vácha, 2006; Borůvka et  al., 1996; Ettler et  al., 
2004; Kebonye et  al., 2021). The SOC also varied 
with most floodplain soil samples having SOC levels 
ranging between 0 and 10%. Regarding SOC spatial 
distribution, there were slightly higher values on the 
lower parts of the study area map represented by 
lighter yellow to strong red colors (Fig. 1c).

Such SOC distribution in the study area could only 
be attributed to the nature and way of sedimentation 

of the alluvium in the floodplain environment. More-
over, the SOC distribution in the area could have also 
been influenced by flood events that recently occurred 
in 2002 (Vaněk et al., 2008). Other factors are likely 
to cause variations in the occurrence of soil proper-
ties including but not limited to land use, soil-forming 
factors, degree of soil weathering, and soil manage-
ment practices (dos Santos Teixeira et al., 2020).

SOC and pXRF data correlations

The correlation matrix results between pXRF data 
and SOC showed a positively strong interaction 
between SOC with each predictor variable Ca-pXRF 
and Sr-pXRF (Fig.  2). These results agree with 
Rowley et  al. (2018) and Margon et  al. (2013), 
respectively. Sokoloff (1938) confirmed a decrease 
in soil organic matter (SOM) solubility with Ca’s 
addition in soils. Since Sokoloff’s (1938) finding 
regarding Ca-SOC interactions in soils, several 
other authors have also confirmed the same result 
(e.g., Clough & Skjemstad, 2000; Duchaufour, 
1982; Oades, 1988) including the current study. 
Ca-SOC results also suggest that the accumulation 
and stabilization of SOC in the study soils are 
facilitated by Ca ions  (Ca2+), including its mineral 
forms (Rowley et  al., 2018). For Sr, SOC tends to 
act as a binding site that attracts Sr ions within the 
soil solution (Kabata-Pendias, 2011). Positive inter-
correlation between some of the pXRF data (e.g., 
Zn-pXRF and As-pXRF; Ti-pXRF and Zr-pXRF) 

Table 1  The response 
(SOC) and predictor (pXRF 
data) variables

Sample size Variable type Mean Minimum Maximum

Response SOC (%) 3.4 0.9 9.8
158 Predictor K_XRF (mg/kg) 12,634.6 7469.7 21,028.3
158 Ca_XRF (mg/kg) 7276.2 1815.0 26,746.0
158 Ti_XRF (mg/kg) 4676.3 2454.7 6466.3
158 Mn_XRF (mg/kg) 4363.4 471.3 77,280.0
158 Fe_XRF (mg/kg) 45,481.8 18,039.0 490,707.3
158 Zn_XRF (mg/kg) 3887.6 64.7 17,861.0
158 As_XRF (mg/kg) 297.8 9.1 1248.7
158 Rb_XRF (mg/kg) 61.2 35.9 95.0
158 Sr_XRF (mg/kg) 71.9 47.6 185.3
158 Zr_XRF (mg/kg) 275.6 79.3 480.7
158 Ba_XRF (mg/kg) 666.1 416.3 1814.7
158 Pb_XRF (mg/kg) 2786.8 54.8 9241.0
158 Th_XRF (mg/kg) 16.5 8.9 25.3
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suggests them to originate from similar sources or 
mutual dependency between these predictor variables 
(Kebonye & Eze, 2019; Kebonye et  al. 2020). 
Moreover, a strong positive correlation (r = 0.70) 
between Ca-pXRF and Sr-pXRF is suggestive of 
similar lithogeochemical sources as well as behavior 
between the two predictors.

SOC estimation using pXRF data

All the three selected Cubist models reasonably 
estimated SOC while using the pXRF data, although 
Cubist 1, engaging all the predictors performed slightly 

better than all the other Cubist models applied (Table 2, 
Fig.  3). Based on the R2 criterion proposed in the 
“Machine learning method performance evaluation” 
section, all the Cubist approach used to estimate SOC 
were acceptable. Ca_XRF was an important predictor 
variable in all the MLAs applied (see supplementary 
data). The influence of Ca_XRF in all the MLAs 
was in synchrony with the correlation matrix results 
obtained in the “SOC and pXRF data correlations” 
section. Further details concerning each of the Cubist 
models (i.e. plots) are provided in the supplementary 
data. None of the SOC estimations resembled a 1:1 
line fit (Fig. 3). The lower SOC estimates were slightly 

Fig. 2  Correlation matrix between SOC (in percentage) and pXRF data (each in mg/kg)
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better predicted by all the models than higher SOC 
estimates, suggesting that more confidence could be 
placed on lower SOC estimates.

The result obtained via the correlation matrix, 
as well as each of the models, establish the fact that 
decomposition of SOC in floodplain soils results in an 
increase of  Ca2+ saturation in the exchangeable sites 
as supported by Andersson et  al. (1999), Chan and 
Heenan (1999), and Thirukkumaran and Morrison 
(1996). An occurrence that may be attributed to 
complexation and flocculation (Basile-Doelsch et  al., 
2009; Dakora & Phillips, 2002; Mikutta et al., 2007). 
Moreover, according to Rowley et  al. (2018), despite 
limited knowledge explaining the detailed interaction 
between Ca and SOC, it is worth noting that “chemical 
modelling indicates that  Ca2+ can readily exchange 
its hydration shell and create inner-sphere complexes 
with organic functional groups.” Nevertheless, the 
results obtained in the different predictions suggest that 
SOC can be stabilized through sorption interactions 
of metallic ions generated through pXRF. Moreover, 

the current study prediction results are comparable 
with those obtained by other authors while predicting 
SOC in various soil types (e.g., O’Rourke, Minasny, 
et al. (2016); Wang et al., 2015, O’Rourke, Stockmann, 
et al. (2016)); Duda et al. (2017); Cardelli et al. (2017); 
Zhang and Hartemink (2020). However, for a more 
robust and parsimonious model outcome, Sharma et al. 
(2014, 2015) recommended that a more extensive study 
area, as well as sample size, should be considered. 
Using other auxiliary data may also improve model 
performances (e.g., Zhang and Hartemink, 2020; Xu 
et  al., 2020). Thus, we encourage future research to 
extend the study area, use other auxiliary data (e.g., 
Vis–NIR), and collect more soil samples representing 
various lithologies.

Spatial representation

The maps of both original (i.e., measured) and 
predicted SOC had a similar distribution pattern 
(Figs.  4, 5, 6, and 7). The maps of Cubist 1 and 2 

Table 2  SOC calibration 
and validation results 
with pXRF data as input 
predictor variables via 
different Cubist models

VarImp. predictors: predictors with the importance of greater or equal to 50%, Corr. matrix 
predictors: predictors with r = 50 or more

Model Calibration Validation

MAE RMSE R2 MAE RMSE R2

---------- % ---------- ---------- % ----------
Cubist 1 (all predictors) 0.42 0.58 0.87 0.51 0.68 0.78
Cubist 2 (VarImp. predictors) 0.42 0.58 0.87 0.64 0.82 0.68
Cubist 3 (corr. matrix predictors) 0.70 0.10 0.63 0.69 0.90 0.62

Fig. 3  Measured SOC (%) versus predicted SOC (%) from pXRF data via different MLAs (black solid line represents the 1:1 line 
while the blue points are the model validation datasets)
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Fig. 4  Spatial map of measured SOC (%)
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Fig. 5  Spatial map of SOC (%) via Cubist 1 model
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Fig. 6  Spatial map of SOC (%) via Cubist 2 model
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Fig. 7  Spatial map of SOC (%) via Cubist 3 model
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predictions (Figs.  5 and 6) closely look identical to 
the original dataset map (Fig. 4) with the observable 
difference seen in the southern part. The map results 
validate the model outputs obtained in Table  2. 
However, Cubist 1 (R2 = 0.78), which gave the best 
model prediction for SOC was more identical to the 
original data, indicating model reliability. The SOC 
original dataset’s spatial distribution ranged from 
0.92 to 9.80% while Cubist 1 and 2 SOC predicted 
ranged from 1.23 to 9.23% and 1.21 to 9.48%, 
respectively. Furthermore, Cubist 3 ranged from 
1.71 to 9.16%. Similarly, the standard deviation 
maps for the original SOC dataset ranged from 0.49 
to 1.81% while the standard deviation maps for all 
the models are presented in Figs.  4, 5, 6, and 7. 
Generally, the results obtained in this study suggest 
that OK is an appropriate tool for presenting SOC 
spatial distribution in floodplain soils despite its 
smoothening effects. This corroborates with the study 
by Bhunia et  al. (2018). Conversely, other factors 
affect the spatial distribution of SOC, such as slope, 
local drainage capacity, and altitude, which affect soil 
nutrient levels by influencing soil water budgets, soil 
erosion, and deposition (Dengiz & Başkan, 2010; Tan 
et al. 2004).

The distribution of SOC almost followed a similar 
spatial pattern as that of the pXRF datasets. For 
example, at the lower valley were a high quantity of 
SOC was obtained corresponds to the area were the 
high amount of Ca_XRF, Mn_XRF, Sr_XRF, Fe_
XRF, Ti_XRF, K_XRF, and Zr_XRF, respectively 
(see supplementary data). This finding is attributed 
to the fact that, for a larger SOC exchange site, the 
more the adsorption of metallic ions (i.e., slightly 
lower slope). Besides that, some of these pXRF data 
are pH-dependent; they become deprotonated at high 
pH. Thus, become mobile at a decrease in pH (e.g., 
 K+,  Pb2+,  Zn2+, and others) (Gröngröft et  al., 2005; 
Sherene, 2010). According to Giacalone et al. (2005), 
an increase in pH encourages a subsequent decrease 
in some mobility elements. The extent to which 
some elements’ (i.e., pXRF data) mobility reduces 
in floodplains may be attributed to redox reactions, 
increasing pH. An occurrence that happens when the 
pXRF data transported to slightly lower slopes are 
associated with pH and SOM changes.

Conclusions

Soil organic carbon prediction and mapping were 
performed following the application of three Cubist 
models coupled with pXRF measurements for a 
polluted floodplain near the Litavka River, Czech 
Republic. The Cubist 1 model which utilized all 
pXRF predictors yielded the best prediction results 
(MAE = 0.51%, RMSE = 0.68%, R2 = 0.78) while the  
least performing model (Cubist 3) produced MAE = 
 0.69%, RMSE = 0.90%, and R2 = 0.62. All SOC models 
were visually dissimilar yet more sample points had 
low SOC levels. The OK spatial distribution maps of 
the SOC were similar (i.e., measured SOC together 
with the various Cubist model SOC predicted levels) 
although Cubist 1 closely resembled the actual SOC 
measured. Generally, using Cubist MLA and many 
pXRF predictors rather than few greatly improves the 
prediction of SOC in floodplain soils. Therefore, pXRF 
remains practical for predicting and mapping SOC 
levels in a floodplain area provided more pXRF data are 
applied.

Supplementary Information The online version contains 
supplementary material available at https ://doi.org/10.1007/
s1066 1-021-08946 -x.
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