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Abstract 
With the increasing availability of data in environmental geochemistry, one of the biggest 

challenges is to extract useful knowledge and interpretable information from large and 

diverse data sources. The unprecedented volume and complexity of datasets make it 

difficult to rely on traditional tools for data analysis, which requires the applications and 

development of GIS-based spatial techniques. In this thesis, four advanced spatial analysis 

and machine learning (ML) techniques: (1) hot spot analysis (Get-is Ord Gi
*); (2) 

Geographically weighted regression (GWR); (3) K-means clustering analysis; and (4) 

Geographically Weighted Pearson Correlation Coefficient (GWPCC) were deployed to 

investigate the spatial patterns and to extract hidden information in large-scale datasets. 

 

The total organic carbon (TOC) and potentially toxic elements (PTEs) were studied based 

on datasets of GEochemical Mapping of Agricultural Soil (GEMAS) of EuroGeoSurveys 

and Tellus of Geological Survey of Ireland. On the one hand, the TOC contents are 

receiving increasing attention in agricultural soils as an important indicator of soil nutrient, 

not only due to their close relationship with soil fertility, but also with carbon dioxide (CO2) 

in the atmosphere. On the other hand, the advanced spatial techniques played important 

roles to evaluate concentrations and spatial variation of PTEs affected by multiple 

influencing factors from natural and anthropogenic sources. These studies provide 

demonstrations of applications of these advanced analytical techniques as possible 

solutions to the challenges of data analytics in the big data era. 

 

(1) The hot spot analysis was performed on a total of 2,108 agricultural soil samples based 

on GEMAS data and revealed an overall negative correlation between TOC and pH, 

which was in line with the general relationship between these two variables. However, 

a óspecialô feature of co-existence of comparatively low TOC and pH values was also 

identified in north-central Europe. It has been found that these óspecialô patterns are 

strongly related to the high concentration of quartz (SiO2) in the coarse-textured glacial 

sediments in north-central Europe. 
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(2) The GWR further explored the spatially varying relationships between TOC and pH 

based on the GEMAS data, with more than 50% original negative relationship changed 

to positive at the continental level. The significant positive correlations clustered in 

central-eastern Europe, while negative correlations were observed mainly in northern 

Europe. Mixed relationships occurred in southern Europe. Such results further 

highlighted the influences of the extensive occurrence of quartz-rich soils and climate 

factors on the óspecialô positive correlations. In addition, anthropogenic inputs also 

interfered the relationships in the mixed southern European areas. 

(3) The integration of hot spot analysis and K-means clustering analysis was applied to 

investigate the spatial patterns for 15 PTEs and associations with their controlling 

factors based on the Tellus data under the complicated geological background of 

Northern Ireland (NI). The spatial clustering patterns for the 15 PTEs from hot spot 

analysis and hidden patterns of 6,862 soil samples from K-means clustering were 

consistent with each other, highlighting the dominant control of peat and basalt in the 

topsoil of Northern Ireland. 

(4) The GWPCC found that the relationships between lead (Pb) and aluminium (Al) are 

spatially varying, with both positive and negative correlations in the topsoil of northern 

half of Ireland based. The óspecialô negative correlations were observed in more than 

35% of the whole study area, mainly clustered in the north-eastern and western Ireland. 

The positive correlations were observed in the midlands. Mixed relationships of both 

negative and positive correlations occurred in the eastern coastal areas. The majority 

of negative correlation patterns showed clear association with blanket peat, which can 

be attribute to long-distance transportation of Pb from atmospheric deposition. 

 

The main scientific contributions to the advancements in environmental geochemical 

studies of this research include the following:  

(1) identified a óspecialô feature of positive relationship of low TOC contents and low pH 

values in the north-central Europe; 
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(2) introduced the topic of óspatially varying relationships between TOC and pHô which 

provide added value and clarification to the understanding of the controversy of their 

complicated relationship in the literature; 

(3) provided latest understanding and classification of 15 PTEs in the topsoil of NI to 

enhance the current knowledge of their controlling factors under the complicated 

geological background; 

(4) proved and observed the spatially varying relationships between Pb and Al which are 

associated with atmospheric deposition and anthropogenic activities. 

 

Overall, these novel findings indicated that the spatial techniques have strong efficiency in 

processing large-scale datasets, providing demonstration and evidence for the application 

of GIS-based advanced spatial analysis on identification of the hidden spatial patterns for 

TOC and PTEs in the topsoil and to associate them with related influencing factors. These 

analytical results enhanced the current knowledge for soil management and risk assessment, 

and can be applied in environmental studies elsewhere. 

 

Keywords: Geographic information system (GIS); Total organic carbon (TOC); pH; Hot 

spot analysis; Geographically weighted regression (GWR); Spatially varying 

relationships; Potentially toxic elements (PTEs); Lead (Pb) 
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 Introduction 

1.1 General introduction 

1.1.1 Background of spatial analysis in environmental geochemistry 

 

Geographic Information System (GIS) is a conceptual framework for collecting, managing and 

analysing geographic and spatial data (Clarke, 1986). It is an emerging computer-based tool 

that provides a platform to integrate geographic information and attribute data. With the unique 

functions of editing, managing and visualising geographic information, GIS has become a 

popular technique for revealing patterns and deeper insights of spatial data. It is originated in 

geography and geoscience, which has now also been applied in other fields such as engineering, 

transportation, economics and telecommunications, etc. (Maliene et al., 2011).  

 

Since the 1990s, with the development of GIS, the exploratory research on environmental 

geochemistry has gradually relied on geostatistical analysis and modelling of spatial data 

(Burrogh and McDonnell, 1998). The datasets sampled for specific environmental variables 

and regions have been widely applied for environmental planning, management and risk 

assessment (Zhang et al., 2008a; Sollitto et al., 2010; Burrough et al., 2015). However, as the 

data volume and diversity continue to increase in the big data era, classical statistics are 

proposed as lacking of efficiency in data analysis of large-scale and multivariate datasets (Zuo, 

2017). In recent years, spatial machine learning (SML) has been adopted in environmental 

studies as a novel and efficient approach for data mining. The SML techniques are the 

combination of advanced spatial techniques and machine learning algorithms (MLAs) applied 

onto the spatial data of environmental geochemistry (e.g., Kanevski et al., 2009; Li et al., 2011), 

including classification, prediction, visualisation, identification of cluster patterns and spatial 

relationships, etc. (Zhang, 2020). These techniques have the potential prior to the conventional 

techniques in revealing hidden spatial patterns, which are helpful to extract useful geochemical 

knowledge and associations from these patterns (Xie et al., 2004; Meshkani et al., 2011; 

Sergeev et al., 2019; Rahmati et al., 2020). In this thesis, four spatial analysis and SML 

techniques of hot spot analysis (Getis-Ord Gi
* statistic), geographically weighted regression 
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(GWR), K-means clustering analysis and Geographically Weighted Pearson Correlation 

Coefficient (GWPCC) were employed to investigate the spatial distribution patterns and 

spatially varying relationships of soil TOC and selected PTEs based on the GEMAS and Tellus 

datasets, respectively. These studies provide demonstration of applications of these advanced 

analytical techniques in environmental studies from both local and regional scales, and these 

spatial patterns provide an effective way to associate with related influencing factors or 

pollution sources. Moreover, considering the rapid development of spatial techniques in the 

big data era, the existing problems and possible solutions of GIS-based spatial analysis in 

environmental geochemistry were also reviewed and summarised. 

 

1.1.2 TOC in European agricultural soil 

 

Soil TOC content is a measure of the carbon stored in organic matter (OM), which is an 

important indicator of soil quality and productivity. In addition, soil is regarded as the largest 

organic carbon (OC) sink in the terrestrial ecosystem, with total amounts of carbon two or three 

times higher than that in the atmosphere or terrestrial vegetation (Batjes, 1996; Jobággy and 

Jackson, 2000; Schmidt et al., 2011). Therefore, even minor changes of TOC contents in soils 

can influence the atmospheric CO2 concentrations (Johnston et al., 2004). The sequestration, 

decomposition and release of OC in soils play important roles in global carbon cycle, which is 

of great significance for mitigating global climate change and maintaining ecosystem services 

and functions (Yang et al., 2007). Due to the importance of TOC, its content has been widely 

studied on national and regional scales, such as Ireland (Zhang and McGrath, 2004; Zhang et 

al., 2011), France (Martin et al., 2011), Belgium (Meersmans et al., 2011), Spain (Rodríguez 

Martín et al., 2016) and the United Kingdom (Bradley et al., 2005). However, previous studies 

mainly focused on the storage and ignored the spatial variation and dynamic of TOC by using 

traditional statistical methods. As an essential component of agricultural soil, TOC exhibits a 

high degree of spatial variability  at both horizontal and vertical levels under the complicated 

influencing factors including both natural and anthropogenic ones, such as climate, topography, 

soil properties, soil parent materials, fertiliser inputs and agricultural management (Jenny, 
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1980; Jackson et al., 2002; Lal, 2005; Jandl et al., 2007). In this case, it requires an improved 

way to explore the spatial variation patterns and varying relationships for TOC contents in 

agricultural soil. For example, the negative relationship between TOC contents and pH values 

in soils has been widely reported in previous studies (McGrath and Zhang, 2003; Korkanç, 

2014; Reisser et al., 2016; Gebrehiwot et al., 2018; Zhang et al., 2018), while the positive 

relationship was also proposed in few study areas (Wang et al., 2010; Luo et al., 2017). These 

studies are based on global statistics or models (e.g., ordinary linear regression, correlation 

analysis), which cannot capture the varying relationships at different sampling locations. 

However, considering the complicated influencing factors on these two variables, the 

contradictory relationships should be objectively evaluated at the local scales, which can be 

done by Getis-Ord Gi
* statistic and GWR model. These two techniques can reveal the 

clustering patterns of positive and negative relationships, providing effective ways to 

investigate the spatial relationships between the soil TOC contents and pH values. Since the 

spatially varying relationships between soil TOC contents and pH values have not been 

quantitatively researched yet, it is a worthwhile topic at the European continental level. 

 

1.1.3 PTEs in soils of Ireland  

 

Exposure to excessive accumulation of PTE concentrations is harmful to human health, 

especially the highly toxic elements such as arsenic, cadmium, cobalt and lead (Bellinger, 2004; 

Zahran et al., 2009). Therefore, understanding the sources of PTEs is important for 

environment management and sustainability (Shazili et al., 2006; Huang et al., 2007). 

Considering the complicated geological background of the topsoil of NI, the hidden spatial 

patterns and controlling factors for the selected 15 PTEs including arsenic (As), barium (Ba), 

bismuth (Bi), chromium (Cr), cobalt (Co), copper (Cu), nickel (Ni), manganese (Mn), 

molybdenum (Mo), lead (Pb), antimony (Sb), tin (Sn), uranium (U), vanadium (V) and zinc 

(Zn) were identified by the combination of two SML techniques of hot spot analysis and K-

means clustering analysis in the topsoil of NI. These two spatial clustering techniques have the 

potential to discover the spatial clustering patterns of high and low values of 15 PTEs and soil 
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samples, which provides an efficient way to reveal the clear spatial association between these 

patterns and their controlling factors with different geological features.  

 

Moreover, among all the PTEs, the concentration and variation of Pb are the worthiest of 

attention in the environmental studies (Nriagu, 1983), due to its fate is extremely susceptible 

to interference from anthropogenic factors in the environment (Saby et al., 2006; Cheng et al., 

2015). As a promising way to associate with influencing factors, the spatially varying 

relationships between Pb and Al concentrations were investigated by the GWPCC technique 

in the topsoil of northern half of Ireland. The element Al is a basic constituent of silicate clays, 

and Pb can not only be adsorbed to clay but it is also present in primary silicates as K-feldspar 

and mica (Spark, 2010). It is a conservative lithogenic element and often used as reference 

element (Shotyk et al., 2002; Sezgin et al., 2003; Le Roux et al., 2004), which is chemically 

stable and its fate in the environment media is not easily affected by human activities. The 

original relationship between Pb and Al is positive under most natural conditions due to their 

similar chemical properties (Schropp and Windom, 1988; Spark, 2010), which is expected for 

soils derived from continental crust (Walsh and Barry, 1957). However, this general 

relationship may be interfered by external factors including both natural and anthropogenic 

influence at a certain extend. Thus, the spatially varying relationships that revealed by GWPCC 

are able to be associated with related potential pollution sources of Pb, which is an interesting 

topic and can be also applied to identify influencing factors for other PTEs in the environmental 

studies elsewhere. 

 

1.2 Existing policies on soil contamination of European Union 

(EU) and Ireland 

 

Soil has the ability to buffer, filter, retain and degrade pollutants, and is regarded as a necessary 

but non-renewable resource based on its nature, providing food, biomass and raw materials to 
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humans (Mongwe and Fey, 2004; Swartjes et al., 2008; Ceci et al., 2019). Due to the 

inseparable relationship between soil and terrestrial ecosystem, even some minor pollution or 

damage to its structure will also affect other environmental media. For example, soil is 

considered as the largest OC pool, and the sequestration of OC in the soil can reduce the 

emission of CO2 into the air, and thus effectively reduce the greenhouse effect. Soil 

degradation and contamination is one of the main threats affecting global soil health (FAO and 

ITPS, 2015). However, soil pollution is unique and invisible, while its impact is only visible 

when the pollution level has serious impacts on the environment and human health (Rodríguez 

Eugenio et al., 2018).  

 

At present, extensive legislation for soil protection has been proposed at the European 

continental level, taking the EU Soil Thematic Strategy as core (Römbke et al., 2004; EC, 

2006). The Soil Thematic Strategy identified the main threats to EU soils, including soil 

erosion, sealing and landslides, soil contamination, the loss of soil OM and biodiversity, soil 

compaction and salinisation (EC, 2006; Montanarella and Panagos, 2015). It introduced soil 

degradation trends in Europe and the world, as well as the challenges of ensuring protection. 

Although the European Commission (EC) withdrew the proposal for the Soil Framework 

Directive in 2014, the EU and its member states pledged to work on soil protection and study 

how to best achieve this goal in the future. In addition, other existing laws are mainly focused 

on the environmental objectives that are not explicitly on soil, such as reducing pollution, 

offsetting greenhouse gas emissions and preventing other environmental threats, such as 

Environmental Liability Directive (2004/35/EC), Industrial Emissions Directive (2010/75/EU), 

Environmental Impact Assessment Directive (85/337/EEC) and Sewage Sludge Directive 

(86/278/EEC), etc. In May 2020, the EC adopted the 2030 Biodiversity Strategy based on the 

European Green Deal, which aims to improve the ecosystem and achieve the sustainability  of 

human habitation through long-term efforts. 

 

In Ireland, the Environmental Protection Agency (EPA) is an official agency dedicated to 

environmental protection and improvement, which encourages local researchers to conduct 
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environmental monitoring and assessment. According to the current EU regulations and 

framework, both the EU and Ireland have carried out geochemical mapping of regional atlas 

to achieve the goal of environmental and soil assessment, including the GEMAS project 

(Reimann et al., 2014) and Tellus survey (Knights and Glennon, 2013). 

 

1.3 Research hypothesis 

 

Based on the literature review, three main research gaps related to spatial analysis in soil 

geochemistry were identified, including large-scale datasets, spatial patterns and spatially 

varying relationships between environmental variables. The big data era of soil geochemistry 

brings computational and statistical challenges to traditional techniques, as these techniques 

are reported lack efficiency on capturing hidden patterns or special features in large-scale 

datasets. Moreover, previous studies considered that the spatial relationships between 

environmental variables was spatially constant, while often ignoring their heterogeneity and 

spatially varying relationships between studied variables. 

 

According to this, the specific research hypotheses of this thesis include: 

(1) The spatial relationships between TOC and pH values are not constant, but spatially varying 

in different sampling locations across the European continent and can be captured by GWR 

model; 

(2) The controlling factors for the 15 PTEs under the complicated geological background can 

be better evaluated through the hidden spatial patterns revealed by the advanced spatial 

clustering techniques; 

(3) The spatially varying relationships between Pb and Al concentrations exist in the topsoil 

of Ireland, and the potential pollution sources of Pb can be associated with the spatial 

relationships revealed by the local statistics in the GWPCC approach. 
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1.4 Research objectives 

 

The overall aims and objectives of this thesis is to use of GIS-based advanced spatial analysis 

to identify spatial patterns for soil nutrients (i.e., TOC) and PTEs based on the large-scale 

datasets (Fig. 1.1). These spatial patterns can be used to extract hidden knowledge and 

geochemical associations with different influencing factors and pollution sources, which are 

vital to the research of environmental geochemistry, as they are difficult to capture by 

traditional techniques. To this end, this thesis applied four spatial analytical technologies to 

demonstrate the process of identifying spatial patterns and extracting geochemical knowledge, 

and provided a summary of the development and applications of GIS-based spatial analysis. 

The unified link of these four papers in this thesis is the applications of different advanced 

spatial analysis techniques on identification of hidden patterns of soil geochemical mapping in 

large-scale datasets. These spatial patterns and spatially varying relationships between 

environmental variables can provide examples and evidence of application of SML in the big 

data era, as well as provide substantially supportive guidance on the soil monitoring and 

pollution assessment for relevant stakeholders and local government. 
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Figure 1.1 Overall research objectives of four studies in this thesis. 

 

Specifically, the research objectives of identification of the co-existence of low TOC contents 

and low pH values in north-central Europe are: 

(1) to reveal the spatial distribution patterns of TOC and pH; 

(2) to identify the spatial relationship between soil TOC contents and pH values using hot spot 

analysis; 

(3) to explore influencing factors of the special pattern of co-existence of both low TOC and 

pH values. 

 

The research objectives of investigating spatially varying relationships between TOC contents 

and pH values in European agricultural soil are: 

(1) to investigate the spatially varying relationships between TOC contents and pH values 
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using GWR model; 

(2) to study the effects of bandwidths for identifying different patterns of the spatially varying 

relationships; 

(3) to explore the influencing factors on the special positive relationship between TOC and pH 

values. 

 

The research objectives of discovering hidden spatial patterns and their associations with 

controlling factors for PTEs in the topsoil of Northern Ireland are: 

(1) to identify the spatial clustering patterns for 15 PTEs using hot spot analysis; 

(2) to reveal the hidden patterns of soil samples using K-means clustering analysis; 

(3) to explore the geochemical association between the spatial patterns and controlling factors 

on PTEs. 

 

The research objectives of exploring main influencing factors of spatially varying relationships 

between Pb and Al  concentrations in the topsoil of northern half of Ireland are: 

(1) to investigate the spatial relationships between Pb and Al concentrations using GWPCC 

based on the currently available Tellus data set in the topsoil of northern half of Ireland; 

(2) to identify the spatial associations with different influencing factors from the local 

correlation patterns; 

(3) to further explore the underlying mechanisms between the óspecialô negative correlation 

and potential pollution sources of Pb distribution. 

 

1.5 Structure of Thesis 

 

Chapter 2 reviews the development and applications of GIS-based spatial analysis, with the 

focus on the existing problems and possible solutions in the big data era of environmental 

geochemistry. It also summarises the applications of spatial analysis on the distribution and 
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variation of TOC and PTEs, including the associations with influencing factors from both 

natural and anthropogenic aspects. 

Chapter 3 demonstrates the materials and methodologies used in this thesis, including soil 

sampling process, background of study area, data analysis and specific methodologies used in 

this study. 

Chapter 4 comprises five published papers with their summaries and personal dedication 

descriptions. 

Chapter 5 discusses the overview of the research process in this thesis, and highlights how the 

researches relate to each other, as well as the contributions and advancements to the current 

literature and wider research community. 

Finally, Chapter 6 concludes the results of five papers, and recommends policy-relevant 

strategy and puts forward future research. 
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2.1 Overview 

 

This chapter briefly reviewed the literatures on the development and applications of GIS-

based spatial analysis in the big data era of environmental geochemistry, with focus on the 

existing problems and possible solutions from the spatial analysis perspective. As advanced 

and effective methods for environmental data mining, they are often applied to identify the 

spatial distribution and patterns of nutrients (e.g., TOC) and potentially toxic elements 

(PTEs) in the soil at the local or regional scale. Therefore, this chapter also summarised 

the applications of GIS-based spatial analysis techniques on the distribution and variation 

of TOC and PTEs, in order to provide a better understanding of geochemical knowledge 

and associations with related influencing factors from both natural and anthropogenic 

sources. 

 

2.2 Compositional data analysis 

 

Compositional data are non-negative data that carry relative (rather than absolute) 

information (Pawlowsky-Glahn and Buccianti, 2011). These data usually have a constant 

and constrained sample value. For example, the sum of proportions or percentages is 1 or 

100%. These percentage data are considered as closed data (Aitchison, 1986, Buccianti et 

al., 2006), and it requires pre-processing (e.g., data transformation) to open these data to 

destroy the closure effects before the statistical or multivariate analysis of these data. To 

deal with this problem, log-ratio data transformation is recommended in current literature 

(Aitchison, 1986, Egozcue et al., 2003). However, in spatial analysis or geostatistics, many 

parametric techniques still require normal distribution of input datasets. Therefore, there is 

still controversy about the topic of compositional data, and the choice of data 

transformation method is under debate in the current literature.  
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Regarding these issues, the research in this thesis decided to follow the purpose of 

parametrical statistical analysis and spatial analysis, while data transformation is needed 

for the data which do not follow a normal distribution. Otherwise, non-parametric methods 

should be considered. When the data follow a lognormal distribution, the logarithm 

transformation is sufficient (Limpert et al., 2001). For the more general positively skewed 

distribution, a normal score transformation or Box-Cox transformation is recommended 

(Zhang et al., 2008). For compositional data, log-ratio transformations (e.g., centred log-

ratio, isometric log-ratio) are recommended (e.g., Aitchison, 1986; Filzmoser et al., 2009). 

 

2.3  Development and applications of GIS-based spatial 

techniques in environmental geochemistry 

 

Data in environmental geochemistry are typical spatial data, containing geographic 

coordinates (i.e., longitude and latitude) and geochemical attributes (e.g., element 

concentrations), which can be stored in a geographical information system (Goodchild et 

al., 1992). The research on environmental geochemistry mainly relies on spatial data 

analysis in the GIS. This is different from traditional techniques because it requires 

considering of both geographic locations and attributes (Goodchild, 1987). Historically, 

environmental geochemical data were processed by using classic univariate statistics in 

most studies. Since the 2,000s, the combination of multivariate statistical analysis and GIS-

based spatial analysis has become the mainstream tool in environmental geochemical 

studies (Hou et al., 2017). This is not only due to the growth of available data sets from 

geochemical survey, but also benefits from the advancement of the ability to manage large 

spatial data sets in the GIS platform. 

 

With the improvement of computer hardware and software, a growing number of spatial 

analysis techniques have been integrated into GIS (Bailey, 1994; Fotheringham and 
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Rogerson, 2013), which has made great contributions to the environmental monitoring and 

assessment (Zhang and Selinus, 1998). As the amount of geoscience data continues to 

increase, the field of environmental geochemistry has also entered the era of big data. The 

development and applications of multivariate statistical analysis and spatial analysis on the 

spatial data bring new insights and opportunities to geochemical mapping, exploration as 

well as environmental and health assessment (Overpeck et al., 2011, Reichman et al., 2011). 

However, although various statistical and spatial analysis techniques existing, it is 

important to understand the advantages and disadvantages of these techniques and the 

practical problems that can be solved. Review on the past literature, several major problems 

in environmental geochemistry include probability distribution, spatial structures and 

patterns, correlation and spatial relationships, background and thresholds, visualisation, 

prediction, outlier detection and distinction of natural and anthropogenic factors (Darnley, 

1990; Zhang and Selinus, 1998; Reimann and de Caritat, 2005; Zhang et al., 2008a).  

 

Probability distribution is always the first step of spatial analysis in environmental 

geochemistry, as many multivariate statistical analysis and spatial analysis of geochemical 

data are based on the assumption that the data under study follows a normal distribution. 

In addition, the spatial structures and distribution patterns of the concentration for 

geochemical elements can reflect various geochemical phenomena and processes, and thus 

quantifying the spatial patterns can provide a deeper understanding of geochemical 

knowledge. Similarly, quantitatively evaluate the strength of the correlation or spatial 

relationships between geochemical variables can reveal more information in the datasets 

(Franzese and Iuliano, 2019). The background in environmental geochemistry can be 

defined as the natural concentration of harmful substances that are not disturbed by local 

human activities (Porteous, 1996), while technologies such as visualisation and prediction 

can provide better understanding on the concentration and distribution of nutrients or PTEs. 

Moreover, outlier detection and differentiate natural and anthropogenic factors are 

regarded as the ultimate issues due to their important relationships between environment 

and health (Wong et al., 2006). However, when dealing with multivariate datasets, these 
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problems cannot be solved in a simple or efficient way by using traditional techniques. 

Recently, with the increase in the amount of environmental geochemical data, a variety of 

advanced spatial analysis and statistical techniques have become useful and effective 

methods for outlier detection and potential sources identification at the local and regional 

level (Hou et al., 2017; Pan et al., 2017; Yadav et al., 2019), with spatial autocorrelation 

analysis (Ord and Getis, 1995), hot spot analysis (Getis and Ord, 1992; Anselin, 1995) and 

GWR models (Brunsdon et al., 1996; Fotheringham et al., 2002) being the most popular 

(e.g. Liang et al., 2017; Wu et al., 2019; Reyes et al., 2020). In response to these existing 

problems, some possible solutions using advanced spatial analysis are summarised in Table 

2.1. 
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Table 2.1: Existing problems and possible solutions of spatial analysis in environmental geochemistry

Existing problem  Possible solution Example Reference 

Compositional data/closure 

effect 

Log-ratio transformation Centred log-ratio transformation was applied before 

multivariate analysis of PTEs  

Xu et al., 2021 

Probability distribution Data transformation (e.g., box-cox, 

normal score), K-S test 

The influence of data transformation on identification 

of pollution hotspots 

Zhang et al., 2008a 

Spatial structures and 

patterns 

spatial autocorrelation, variogram, 

fractal/multifractal 

Spatial distribution of total organic carbon (TOC) Xu et al., 2019 

Correlation and spatial 

relationships 

PCC, PCA, GWR Spatially varying relationships between TOC and pH Xu and Zhang, 

2021 

Background and thresholds Plot (e.g., histogram, boxplot), 

regression analysis, fractal/multifractal 

Establishing geochemical background and threshold 

for 53 chemical elements 

Reimann et al., 

2018 

Visualisation IDW, Kriging Visualisation of point-to-area data transformation for 

environmental health research 

Meng et al., 2019 

Prediction Kriging, multivariate regression, GWR Spatial modelling and mapping of soil organic carbon Zhang et al., 2011 

Outlier detection Univariate statistics, PCA, LISA Identification of contamination hotspots of rare earth 

elements 

Yuan et al., 2018 

Distinction between natural 

and anthropogenic factors 

EF, hot spot analysis, GWR  Spatially varying relationships between Pb and Al Yuan et al., 2020 
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2.4 Big data era and spatial machine learning 

 

The ófour Vsô characteristics of big data are exemplary in the field of environmental 

geochemistry: volume, variety, velocity and veracity (see Fig. 2.1; Reichstein et al., 2019). 

In the big data era of environmental geochemistry, one of the striking challenges is to 

extract useful knowledge and interpretable information from large and diverse data sources. 

The unprecedented volume and complexity of these data makes it difficult to rely on 

traditional tools for data management and processing (Vitolo et al., 2015), which requires 

the improvement of spatial techniques and statistical models. In recent years, the 

development of machine learning algorithms (MLA) become useful tools for processing 

problems on prediction, classification and regression, which have been widely applied in 

data mining and problem-solving in environmental geochemistry. In addition to traditional 

MLA, the commercial ArcGIS software developed by Environmental Systems Research 

Institute (ESRI) also supports SML technology by integrated advanced spatial analysis 

techniques. GIS-based SML technology can be also used to process prediction, 

classification and identification of hidden patterns of clusters. At present, the combination 

of classical MLA and SML technique has played a key role on spatial problem-solving in 

environmental geochemistry (Reimann et al., 2011; Fotheringham and Rogerson, 2013; 

Povak et al., 2014; Tarasov et al., 2018; Ghezelbash et al., 2019; Du et al., 2020; Xu et al., 

2021). Moreover, incorporating geographical concepts directly into the spatial methods of 

calculation can lead to a deeper understanding of spatial data (Bennett, 2018). In the future, 

as the intersection of GIS and ML continues to expand, spatial analysis is expected to play 

a more important role in environmental geochemical studies. 
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Figure 2.1: Characteristics and challenges of environmental geochemistry in the big data era 

(reproduced from Reichstein et al., 2019). 

 

Another challenge is to explore the spatio-temporal trends of environmental geochemical 

data. Regional geochemical surveys are usually large-scale and time-consuming, and thus 

it is difficult to regularly conduct field works and collect samples (e.g., soil samples) over 

a long period of time. The spatial analysis of GIS is mature in identifying spatial 

distribution patterns, while it is difficult to deal with temporal variation due to the update 

and monitoring at the sampling locations. Therefore, it requires the advancement of spatio-

temporal analysis models and combination with real-time data on regular environment 

monitoring in the future. 
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2.5 The applications of GIS-based spatial analysis on TOC 

2.5.1 Spatial distribution and variation of TOC  

 

As an important indicator of soil fertility and atmospheric environment, studies on the 

spatial distribution and variation of TOC contents are able to contribute to the improvement 

of agricultural productivity as well as mitigating global warming. Therefore, GIS-based 

spatial analysis techniques have been widely applied on quantification and visualisation of 

the spatial distribution patterns for TOC contents (Kumar et al., 2013). For example, 

McGrath and Zhang (2003) used spatial interpolation technique and local Moranôs I index 

to investigate the spatial distribution and outliers of soil TOC contents in the grassland of 

Ireland. Subsequently, they performed spatial statistical techniques to explore the spatial-

temporal changes of soil TOC contents during two period between 1964 and 1996, and 

successfully identified a significant increase of TOC storage in the eastern coastal areas 

(Zhang and McGrath, 2004). With the improvement of mapping and prediction 

requirements, an increasing number of advanced statistical techniques and regression 

models have been used to identify the spatial distribution patterns of TOC contents at the 

regional level. Meersmans et al. (2008) performed multiple regression model to assess the 

spatial distribution of TOC in Belgium. Zhang et al. (2011) introduced various 

environmental covariates into the GWR model and greatly improved the accuracy for 

prediction and mapping of soil TOC in Ireland. Moreover, in recent years, the development 

of SML has significantly improved the accuracy and efficiency of regional surveying and 

mapping on TOC contents (e.g., Were et al., 2015; Chen et al., 2019). These advanced 

spatial techniques have been proved to have greater potential over traditional spatial 

interpolation methods in predicting and mapping the spatial patterns of TOC content 

(Bhunia et al., 2018). 

 

However, the previous studies mainly focused on mapping and prediction on TOC content 

in the soils, while they often ignored its spatial variation and dynamic. Total organic carbon 
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is a dynamic component of the terrestrial system, with not only internal changes at 

horizontal and vertical level, but also external exchanges with the atmosphere and the 

biosphere (see Fig. 2.2) (Zhang and McGrath, 2004). The influences on the spatial variation 

of TOC content are extremely complicated which include both natural and anthropogenic 

factors. The natural factors include topography, climate (i.e., temperature, precipitation), 

soil parent materials (PMs) and soil properties (e.g., pH, soil texture), while anthropogenic 

factors are related to human activities, such as land use, cultivation method, site 

management and fertilisers etc. (Jenny, 1980; Jackson et al., 2002; Lal, 2005; Jandl et al., 

2007). Although all of these factors play some roles on the soil TOC content in different 

regions, most of them generally follow similar spatial patterns (Wiesmeier et al., 2019). 

For example, a climate of low temperature and high rainfall is conducive to the 

accumulation of OM (Rustad and Fernandez, 1998). Also, the TOC content in clay and silt 

particles is significantly higher than that of coarse-grained soil (Schimel and Parton, 1986). 

In addition, it is considered that land use and cultivation method have a great influence on 

TOC content, especially in poor quality soils, such as arid or semi-arid regions (West et al., 

1994; Su et al., 2009). Therefore, the investigation on the spatial relationships between 

TOC and various environmental variables as well as related human factors is extremely 

important, which is able to provide a better understanding for its dynamic and variation. 
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Figure 2.2: The simplified carbon cycle biosphere map (reproduced from www.biochar.org). 

 

2.5.2 Spatially varying relationships between TOC contents and 

pH values 

 

Soil pH value is considered as the most important parameter among all the environmental 

variables and influencing factors that related to TOC content. This is because pH is one of 

the key variables that determine the availability of almost all essential plant nutrients 

(Fabian et al., 2014). The ability of soil to maintain and supply nutrients is closely related 

to its cation exchange capacity (CEC), which is affected by soil pH values. Moreover, the 

natural inherent relationship between TOC and pH is well known (McGrath and Zhang, 
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2003; Fabian et al., 2014). Generally, the TOC contents and pH values have been found to 

maintain a negative correlation under natural conditions at various scales, a feature 

attributed to their innate internal relationship (Andersson and Nilsson, 2001; Reisser et al., 

2016). The overall negative correlation between TOC contents and pH values could be 

related to multiple processes. Organic Carbon is the progenitor of carbonic acid, and its 

decomposition releases organic acids, leading to lower soil pH values (McGrath and Zhang, 

2003). On the contrary, relatively high pH values accelerate the decomposition of soil 

organic carbon, and thus resulting in a decrease in TOC storage capacity (Andersson and 

Nilsson, 2001). However, due to complex influencing factors, this original negative 

relationship may be disturbed or masked at the local scale.  

 

Previous studies have only briefly discussed the inherent negative correlation between 

TOC and pH, and only a few papers have conducted quantitative analysis on their negative 

correlation. The reviewed relevant literatures are listed in Table 2.2, as examples, four 

references with quantitative statistical analysis on the relationship between these two 

variables were found (McGrath and Zhang, 2003; Korkanç, 2014; Wang et al., 2016; 

Gebrehiwot et al., 2018). However, contradictory results of positive correlation have been 

reported in a limited number of two papers (Wang et al., 2010; Luo et al., 2017). The 

positive correlation is due to the combination of complex influencing factors and is worthy 

of further study. Moreover, their relationships can be varying at different locations of sub-

regions (de Moraes Sa et al., 2009) or different soil layers (Zhang et al., 2018). When 

considering the ólocationô, the concept of óspatially varying relationshipô has not been well 

understood, which is the focus of this research. The concept of óspatially varying 

relationshipô refers to that the relationships between independent variable and dependent 

variable(s) are not constant over the space (Fotheringham et al., 2002), but constantly 

varying with the change of spatial locations. Use of the local statistical methods such as 

hot spot analysis (Getis-Ord Gi* statistic) and GWR is helpful to quantify the varying 

relationship between input environmental variables over space in an objective way.   
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Table 2.2: Overview of relationships between TOC and pH values in the past literatures. 

Relationship Author(s) Method Descriptions Reasons 

Negative 

correlation 

McGrath and 

Zhang, 2003 

Global Pearson (linear) 

correlation coefficient  

Negative correlation between TOC and pH 

value in Ireland (r =0.17) 

Innate relationship: organic acids lead to 

low pH 

Korkan­, S. Y., 

2014 

Global Pearson (linear) 

correlation coefficient 

Negative correlation between TOC and pH 

value (r =-0.274) 

Innate relationship: organic acids lead to 

low pH 

Wang et al., 2016 Global Redundancy 

analysis (RDA) 

pH value negatively correlated with impact 

on soil organic carbon 

Innate relationship: organic acids lead to 

low pH 

Gebrehiwot et 

al., 2018 

Global Pearson (linear) 

correlation coefficient 

(r=-0.126) Weak negative correlation was 

observed between TOC and pH value 

Innate relationship: organic acids lead to 

low pH 

Positive 

correlation 

Wang et al., 2010 Global Pearson (linear) 

correlation coefficient 

Positive relationship between TOC and pH 

value in the study area (r = 0.549, p =0.000) 

Complex influences of soil bulk density and 

landscape, while the causative relationship 

between TOC and pH is complicated 

Luo et al., 2017 Path model (i.e., 

structural equation 

model) 

pH significantly and positively associated 

with TOC 

Combination of soil properties (e.g., particle 

size, CEC, clay and silt) and climate factors 

Contradictory 

relationships 

de Moraes Sa et 

al., 2009 

Global Pearson (linear) 

correlation coefficients 

Changes in the relationships between TOC 

concentration and pH values in the tillage 

chronosequence 

Tillage chronosequence is the key factor to 

influence the soil pH values, and thus the 

original negative relationship changes 

Zhang et al., 

2018 

Liner regression model Significant and positive correlation of soil pH 

value with storage of TOC was found for all 

soil layers except for 10ï20 cm (negative) 

Slope, climate, grazing intensity are main 

reasons for the contradictory relationships 
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2.6 The application of GIS-based spatial analysis on PTEs 

2.6.1 Potentially toxic elements (PTEs) 

 

Reimann et al. (2018) defined the background knowledge and thresholds of PTEs in detail 

based on GEMAS data in European agricultural soil, including silver (Ag), boron (B), 

arsenic (As), barium (Ba), bismuth (Bi), cadmium (Cd), cobalt (Co), chromium (Cr), 

copper (Cu), mercury (Hg), manganese (Mn), molybdenum (Mo), nickel (Ni), lead (Pb), 

antimony (Sb), selenium (Se), tin (Sn), uranium (U), vanadium (V) and zinc (Zn). These 

PTEs are inherently non-biodegradable, and excessive emissions will cause abnormal 

enrichment of PTE concentrations in the environment (Wong et al., 2006). Although some 

PTEs (e.g., Cu and Zn) are regarded as essential elements for the growth of animals and 

plants, the presence of other PTEs can be highly toxic to plants and organisms, especially 

As, Cd, Hg and Pb (Kabata-Pendias, 2004; Hooda, 2010; Zeng et al., 2011). In urban 

environments, especially in urban soils, humans may be exposed to long-term input and 

accumulated PTE through inhalation, ingestion and dermal contact (Boyd et al., 1999, 

Mielke et al., 1999). Inorganic arsenic is highly toxic (Järup, 2003). Long-term As 

exposure can cause gastrointestinal symptoms, high blood pressure and chronic 

cardiovascular disease, etc. It may seriously damage the cardiovascular and central nervous 

system, and even lead to death (WHO, 2001). In addition, long-term exposure of the human 

body to Cd may cause kidney damage, and inhalation of cadmium dust or particles may 

even be life-threatening (Seidal et al., 1993; Barbee and Prince, 1999). Mercury is a global 

pollutant that affects the health of humans and ecosystems. The mercury pollution in the 

environment is mainly driven by anthropogenic emissions, and it greatly exceeds natural 

geogenic sources (FAO and UNEP, 2021). Lead is the most frequently reported soil 

pollutant over the world, and the exposure to Pb pollution can cause irreversible damage 

to the nervous system, especially for children, which are more susceptible to Pb 

contamination from urban soil (Li et al., 2011). For children, severe Pb damage includes 

symptoms such as mental decline, lack of attention, and anaemia (Bellinger, 2004; Counter 
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et al., 2008; Zahran et al., 2009). Moreover, the increase of Pb concentration in urban 

environment is closely related to the increase in the crime rate (Mielke and Zahran, 2012). 

Long-term exposure to Zn can affect cholesterol balance and fertility (Zhang et al., 2012), 

and Cu, Ni and Cr above the background values can also have adverse effects on the human 

body (USEPA, 2000). Therefore, identification of the spatial patterns of PTEs and 

assessment on their ecological and health risks has become one of the most important tasks 

in the current environmental research in many developed and developing countries 

(Rodriguez et al., 2007). 

 

2.6.2 Sources and background of PTEs in the soils 

 

Soil is regarded as the most important sink of PTEs (Wong et al., 2006), receiving 

contamination from both disposals from the ground and atmospheric deposition. 

Potentially toxic elements are usually found at trace levels in soils and plants, while the 

concentrations of PTEs in the soil have been increasing since the industrial revolution. To 

date, there are some special challenges in solving the soil PTE contamination (Hou et al., 

2017):  

(1) Potentially toxic elements are not biodegradable, and their concentrations are naturally 

accumulated in the soil rather than reduced (Maas et al., 2010);  

(2) They have a wide range of health effects on humans, and the difference in 

bioavailability makes health risk assessment more complicated (Walker et al., 2003);  

(3) There are many sources of diffusion for PTE pollution (Nriagu and Pacyna, 1988). 

 

Therefore, the quantitative assessment of elevated PTE concentrations on the environment 

and health has always been the key focus of research in environmental studies, which 

includes not only the investigation on the increase in PTE concentrations caused by natural 

factors (Spijker, 2005; Jordan et al., 2007; Zhang et al., 2008b; Argyraki and Kelepertzis, 

2014), but also focusing more on the evaluation of elevated concentrations associated with 
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anthropogenic factors (Hursthouse, 2001; Morillo et al., 2007; Meunier et al., 2010; Okorie 

et al., 2011). When there is no human interference, PTEs usually exist in trace levels and 

will not cause negative effects on the environment or human health (Alloway, 2013a). 

Natural factors are mainly related to geogenic occurrences, as well as soil formation and 

parent materials (Tipping et al., 2006; Reimann et al., 2014; Birke et al., 2017). Generally, 

each lithology has a relatively fixed control on a single element, and the overall 

associations between the 15 selected PTEs and different lithologies are summarised in 

Table 2.3. On the other hand, anthropogenic sources are related to human activities, 

including industrial, waste, traffic (vehicle emissions, fuel) and agricultural inputs, etc (e.g., 

Cloquet et al., 2006, Ettler et al., 2008, Aelion et al., 2009, Davis et al., 2009, Dao et al., 

2014). The elevated PTE concentrations caused by geogenic sources are predominantly 

reflected in large and continuous spatial patterns, which are usually observed at a relatively 

large-scale area or with less human activities (Gloaguen and Passe, 2017; Jia et al., 2020; 

Xu et al., 2021). On the contrary, anthropogenic pollution is mainly characterised by points 

and scattered patterns on the spatial distribution maps of PTE concentrations, which is 

usually observed around urban areas with intensive industrial activities, mining and traffic 

emission (Zhang, 2006; Marchant et al., 2011; Delbecque and Verdoodt, 2016).  
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Table 2.3: Summary of the existing literatures on concentrations for selected PTEs in different bedrocks and geological features 

Element High concentration Low concentration Reference 

As Greywacke (shale), 

mudstone, schist 

Basalt, quartzite, sandstone Smedley and Kinniburgh, 2002; Tarvainen et al., 2013; McIlwaine et 

al., 2017 

Ba Carbonate, granite Limestone, mafic (basalt) Reimann et al., 2007; Reimann et al., 2014 

Bi Granite, shale Sandstone Reimann et al., 2014 

Co Greenstone, basalt Limestone, sandstone Farmer, 2014; McIlwaine et al., 2014; Albanese et al., 2015 

Cr Basalt limestone, granite Farmer, 2014; McIlwaine et al., 2014; Albanese et al., 2015 

Cu Basalt, shale Granite, organic matter Wedepohl, 1978; Reimann et al., 2014; Albanese et al., 2015 

Mn Basalt Granite, quartzite, schist Reimann et al., 2007; Reimann et al., 2014 

Mo Granite, greywacke 

(shale), schist 

Basalt McIlwaine et al., 2017; Reimann et al., 2018 

Ni Basalt, shale Granite, limestone, quartzite, sandstone Farmer, 2014; Reimann et al., 2014; Albanese et al., 2015; Jordan et 

al., 2018 

Pb Granite, peat, shale Basalt, limestone McIlwaine et al., 2014; Reimann et al., 2014; Palmer et al., 2015 

Sb Coal, peat Basalt, sandstone Reimann et al., 2014; McIlwaine et al., 2015 

Sn Granite, peat, shale Basalt, limestone Reimann et al., 2014; McIlwaine et al., 2015 

U Granite, shale Basalt, sandstone Alloway, 2013b; McKinley et al., 2013; N®grel et al., 2018 

V Basalt, shale Limestone Barsby et al., 2012; Reimann et al., 2014 

Zn Alluvium, basalt, shale Granite Reimann et al., 2014; McIlwaine et al., 2017 
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At present, based on large-scale regional survey, the background values and thresholds of 

soil PTEs have been established in different countries and regions, such as Finland (MEF, 

2007), China (Wei and Yang, 2010), Australia (Reimann and de Caritat, 2017) and Europe 

(Carlon et al., 2007; Reimann et al., 2018), etc. The threshold (or baseline) is defined as 

the conservative concentration of PTE in the soil (Reimann et al., 2018), which indicates 

that no adverse effects on the environment and humans are expected to occur below this 

concentration. In contrast, the PTE concentration exceeds the soil background and 

threshold values are likely to cause adverse impacts on the environment and human body, 

especially through plants and crops in the agricultural soil (Reimann et al., 2014b). 

 

Table 2.4: Thresholds and guideline values for selected PTEs in Europe (extract from MEF, 2007) 

Element Threshold value 

(mg/kg) 

Lower guideline value 

(mg/kg) 

Higher guideline value 

(mg/kg) 

As 5 50  100  

Cd 1 10  20  

Co 20 100  250  

Cr 100 200  300  

Cu 100 150  200  

Hg 0.5 2  5  

Ni 50 100  150  

Pb 

Sb 

60 

2 

200  

10  

750  

50  

V 100 150  250  

Zn 200 250  400  

 

2.6.3 Spatial distribution patterns and source identification of soil 

PTEs 

 

Due to the complexity of the geochemical background, the concentration of PTE is usually 

influenced by multiple controls that combined both natural and anthropogenic factors, and 
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thus it is difficult to distinguish the potential sources of PTEs in the soil. The spatial 

distribution patterns of PTEs can usually be related to the source of enrichment, thereby 

revealing the spatial association with pollution sources from the local perspective. Looking 

back in history, it is a common way to apply classical statistics to the spatial distribution 

of PTE in soil (Webster et al., 1994; Einax and Soldt, 1995; Markus and McBratney, 1996). 

Geostatistical methods are useful tools for analysing and predicting the values of soil 

geochemical variables that associated with spatial or spatiotemporal phenomena 

(Goovaerts, 2005). However, it is still difficult to distinguish the source of element 

concentration only based on their spatial distribution patterns, while the combination of 

multivariate analysis and geostatistics is regarded as a more effective method. This method 

usually involves performing principal component analysis (PCA) or factor analysis (FA) 

and using geostatistical tools to map the derived components (factors) scores (Rodríguez 

et al., 2006, López et al., 2008, Lado et al., 2008). The combination of multivariate analysis 

and geostatistics provides a way to analyse multiple elements of the entire data set instead 

of an individual element, and describe the complex relationship and influencing factors of 

PTE in soil more precisely than univariate statistics (BorŢvka et al., 2005). In recent years, 

with the development of GIS platforms, advanced spatial analysis and SML technologies 

can be easily performed on identification of the hidden patterns of PTEs and reveal the 

spatial association with pollution sources (Fotheringham and Rogerson, 2013; Hou et al., 

2017). The GIS and GIS-based spatial techniques have been proven as promising tools for 

understanding the background of PTEs and studying the soil contamination (Zhou and Xia, 

2010; Yuan et al., 2018; Meng et al., 2020). 

 

2.6.4 Spatially varying relationships between Pb and Al in the soils 

 

The spatial relationships and correlations between geochemical variables contain a large 

amount of information (Reimann and de Caritat, 2005), while many traditional statistical 

techniques do not have the potential to capture the role of spatial correlations (Hou et al., 

2017). The development of the GWR model solved the limitation of exploring the spatially 
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varying relationships between geochemical elements and environmental variables 

(Brunsdon et al., 1996; Fotheringham et al., 2002), and has been widely applied on the 

pollution assessment and source appointment of PTEs (e.g., Fei et al., 2019; Liu et al., 

2020).  

 

Lead is considered to be one of the most common human-controlled PTEs in the soils. 

Previous studies have widely reported the abnormally elevated concentrations of Pb in soil 

caused by human activities in urban and industrial areas, including mining, leaded gasoline, 

coal combustion, industrial waste and construction, etc (e.g., Li et al., 2014; Marrugo-

Negrete et al., 2017; Wu et al., 2019). In addition, the use of leaded gasoline and traffic 

emission in urban areas can cause Pb pollution in the air, which in turn pollutes rural soil 

through atmospheric deposition (Shotyk, 2002; Novák et al., 2003). The relationship 

between Pb and other reference elements (e.g., Al, Ti, Zr) generally maintains a positive 

correlation under most natural conditions (Schropp and Windom, 1988; Spark, 2010), 

which could be expected for soils derived from continental crust (Walsh and Barry, 1957). 

This relationship has been used to distinguish the natural and anthropogenic sources 

(Shotyk et al., 2002; Sezgin et al., 2003; Le Roux et al., 2004). However, the original 

positive correlation may be interfered or masked by external influences. Therefore, the 

varying relationships (i.e., negative correlation) or weakened relationships that explored 

by GWR and GWPCC can provide an effective way to indicate the spatial association with 

potential pollution sources. For example, Yuan et al. (2020) applied GWR to identify the 

spatially varying relationships between Pb and Al concentrations in the urban soil of 

London that associated by natural and human influence, and highlighted the effects of 

industry and green space in urban environment. In the big data era, the patterns of spatially 

varying relationships have great prospects and are worthy of further exploration. 
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2.7 Summary 

 

The literature review summarised the development and applications of GIS-based spatial 

analysis in the big data era of environmental geochemistry, as well as the opportunities and 

challenges for environmental data mining. In addition, this chapter also specifically 

discussed the applications of GIS-based spatial analysis on the distribution patterns and 

spatially varying relationships of TOC and PTEs, which aimed to identify the potential 

influences from natural and anthropogenic factors. 

 

Overall, the past literature indicated that GIS and GIS-based spatial techniques: (1) provide 

a promising and efficient way for processing environmental geochemical data sets; (2) can 

be used to reveal the spatial relationships and hidden spatial associations between 

geochemical variables; (3) can be used to identify and visualise the spatial distribution 

patterns and variation of TOC; (4) can be used to distinguish the natural and anthropogenic 

sources and controlling factors of PTE. 
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3.1 Study area and scales 

 

In order to demonstrate the exploration of GIS-based spatial analysis for different 

environmental geochemical data sets, three large-scale regional data sets were studied in 

different research areas, including GEMAS project data in European agricultural soil, and 

Tellus survey data in Northern Ireland and the republic of Ireland, respectively.  

 

Based on different study areas and datasets, there are different research scales of local, 

regional and national level in this study, which need to be elaborate here to make a clear 

statement. The local scale refers to a localised research area (i.e., county level in this study), 

using local statistics in these advanced analytical techniques to study the hidden spatial 

patterns of TOC and PTEs. The regional and national scale refers to a wider research area 

(i.e., European continent, Northern Ireland and Republic of Ireland) which requires large 

amount of sampling works from geochemical surveys. It is worth noting that the choice of 

research scale needs to be carefully considered based on the availability of datasets, and 

the scales used for different spatial analysis techniques are not the same. There is no actual 

limitation on the big datasets in the advanced spatial analysis techniques. Generally, for 

low-density and large-scale sampling survey (e.g., GEMAS), larger scale is applicable. 

While smaller scale is more suitable for discovering interesting spatial patterns within a 

low-density dataset.  

 

3.1.1 European continent 

 

The European continent is completely located in the northern hemisphere, mostly in the 

eastern hemisphere, located in the western part of Eurasia and occupies one-fifth of its total 

landmass. The European continent is surrounded by the sea on three sides, its maritime 

boundaries include the Arctic Ocean to the north, the Atlantic Ocean to the west and the 

Mediterranean Sea, the Black Sea and the Caspian Sea to the south (Berentsen, 1998). 

Europe is mainly located in a temperate climate zone with a mild climate. The climate in 
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the west is more oceanic, while the climate in the east is even less. The geological 

conditions of European continent are very different, complex and diverse, and have created 

wide variety of landscapes across the whole continent. 

 

3.1.2 Northern Ireland 

 

Although the total area of Northern Ireland (NI) is only 14,120 square km2, with 13,480 

square km2 land area and 640 square km2 inland water area, it is a microcosm of geology 

of the earth (Zhang et al., 2007). The history of bedrock in NI covers almost every period 

from Mesoproterozoic to Paleogene, and almost all known types of rocks can be found. A 

simplified bedrock geology map is displayed in Fig. 3.1, with the locations of the peatland 

overlaid. The history of NI involves the development of ice sheets and meltwater from the 

last 100,000 years, which resulted in more than 80% of the bedrock being covered by 

various superficial deposits (e.g., alluvium, peat). According to reports, peatlands account 

for more than 12% of the total land area (Davies and Walker, 2013), which is a major soil 

subtype in NI. The north-eastern part is composed of a large area of extrusive basalt, and 

the north-western area is dominated by psammites (schist). The south-western terrain is a 

mixture of sandstone, mudstone and limestone, while south-eastern is controlled by 

greywacke shales, as well as significant granite intrusions were found in this area. 

 

Northern Ireland is rich in minerals, includes iron ore, lead, coal and salt. Nowadays, there 

are more than 2,000 abandoned mines, most of them worked during the 18th and early 20th 

centuries. In recent years, gold, lignite and industrial minerals have dominated in 

commercial mining exploration activities in NI. For example, the county Tyrone is reported 

to hold ñone of the most promising undeveloped gold deposits over the worldò (Dalradian, 

2019). In addition, there are two main urban areas in Northern Ireland: the Belfast 

Metropolitan Area and Londonderry. 

 



 

57 

 

 
Materials and methodologies 

 

Figure 3. 1: Simplified bedrock geology maps of Northern Ireland and areas of peatland 

(original GIS shapefiles from GSNI, 1998). 

 

3.1.3 Northern half of Ireland 

 

The island of Ireland is in the north-western Europe, with a total area of 84,421 km2, 

containing a diverse geology of two major domains including the continent of Laurentia in 

the north and Gondwana in the south. Due to the availability of only 50% on the 

geochemical surveys have been completed by the current Tellus dataset in Ireland, the 

study area is the northern half of Ireland. Based on the bedrock unit map from Geological 

Survey of Ireland (GSI), a simplified bedrock map of the study area is classified and shown 

in Fig. 3.2a (McConnell and Gately, 2006), mainly comprises basalt, clay, granite, 

greywacke shale, limestone, sandstone and schist. There are two main types of peat in the 

island (Fig. 3.2b), including blanket peat and basin peat. The blanket peat is mostly 
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concentrated in the mountains of the north-eastern and western coastal of Ireland, while 

basin peat is mainly distributed in the central part of midland areas. It is reported that 

mineral deposits are enriched in Ireland, especially in the western and north-eastern part 

(counties Mayo, Galway, Tyrone and Down) (EPA, 2009; Lusty et al., 2012). In addition, 

there are three major urban areas, including Galway in the west, Dublin in the east and 

Belfast in the north-eastern areas. 

 

 

Figure 3.2: Maps showing background of study area: a) simplified bedrock map (original 

1:500,000 shapefile from GSI, 2006); b) spatial distribution of locations for peatland and urban 

areas. 

 

3.2 Soil sampling and analyses 

3.2.1 GEMAS project data 

 

GEochemical Mapping of Agricultural Soil (GEMAS) is a collaborative project between 

the Geochemistry Expert Group of EuroGeoSurveys (EGS) and Eurometaux (Reimann et 

al., 2014a, Reimann et al., 2014b). The GEMAS project mainly targets on agricultural and 

grazing land soil. During 2008 and early 2009, a total of 2,108 agricultural and 2,024 

grazing land soil samples were collected, covering 33 European countries and 
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5.6 million km2 (Reimann et al., 2014a). The sampling locations are presented in Fig. 3.3. 

Soil samples from agricultural and grazing land were taken at depths of 0ï20 and 0ï10 cm, 

respectively (ECHA, 2012). The sample density was 1 site per 2,500 square km2. Each 

sample was taken as composite samples from five sub-sites, with an average weight of 

approximately 3.0 kg. All soil sampling materials and equipment, especially the bags used 

for packing samples were centrally provided to the field sampling teams (EGS, 2008). After 

collection, soil samples were prepared in the central laboratory of the Geological Survey 

of Slovakia and completed by May 2009. The soil samples were air-dried and sieved 

through a nylon sieve of 2 mm pore size, and subsequently homogenised and split into 10 

aliquots for further study and analysis (MackovĨch and LuļivjanskĨ, 2014). Specifically 

for the study of spatial relationship between TOC and pH, the soil pH value was determined 

at NGU laboratory by measurement in 0.01 M CaCl2-solution extraction using pH meters 

(Fabian et al., 2014), and TOC content was determined at FUGRO Consult GmbH in 

Germany (now KIWA Control GmbH) (Reimann et al., 2011). In order to remove any 

inorganic carbon, 1 g sample was treated with hydrochloric acid (4 mol-1) and left to stand 

at room temperature for 4 hours. Then, the sample was dried in an oven at 70°C for 16 

hours. Then, 100ï200 mg per sample was placed into the furnace and TOC determined by 

IR spectroscopy (Reimann et al., 2014a; Matschullat et al., 2018). 
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Figure 3.3: Spatial distribution maps showing sampling locations of GEMAS project data and 

study area in European agricultural soil: a) TOC; b) pH. 

 

3.2.2 Tellus survey data 

 

The Tellus project is a national-level collaborative project aimed at collecting geophysical 

and geochemical data across the entire island of Ireland. It is managed and undertaken by 

Geological Survey Ireland (GSI) and Geological Survey of Northern Ireland (GSNI) in 

Republic of Ireland and NI, respectively. During 2004 and 2019, a total of 17,867 regional 

topsoil samples (surface to 20 cm depth) were collected in the northern half part, marking 

more than 50% completion in geochemical survey of Ireland. Each sample was taken as 

composite samples from five sub-sites (approx. 750 g), with sampling density is on an 

average of one sample per 4 km2 and 2 km2 in Ireland and NI, respectively. In the republic 

of Ireland, the sample density was increased to one site per 2 km2 in the urban areas of 

Galway and Dublin. All samples were collected in paper bags and air-dried initially before 

further preparation process. Then, the samples were sieved through a 2 mm pore size nylon 

mesh, while repetition was prepared by shallow-splitting of each duplicate sample. After 
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sample preparation, the geochemical composition was analysed in the laboratory by 

Inductively Coupled Plasma (ICP-OES/-MS) method following aqua regia digestion and 

X-ray fluorescence (XRF) analysis under a series of strict quality controls. Specific details 

on the sampling program, including protocols, and all data are publicly available from the 

Geologic Survey of Ireland (https://www.gsi.ie/tellus). 

 

Specifically, the data used for the study of discovering hidden spatial patterns for 15 PTEs 

in the topsoil of NI was 6,862 regional topsoil samples which collected between 2004 and 

2006 (Fig. 3.4). For the study of the spatially varying relationships between Pb and Al in 

northern half of Ireland, the total number of samples was 17,798 (69 samples with missing 

values were excluded) (Fig. 3.5). 

 

 

Figure 3.4: Spatial distribution map with locations of 6,862 topsoil samples in Northern Ireland. 
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Figure 3.5: Spatial distribution map with locations of 17,798 topsoil samples in the northern part 

of the island of Ireland. 

 

3.3 Data analysis 

3.3.1 Descriptive statistics 

3.3.1.1 Representatively descriptive parameters 

 

The first step in processing environmental geochemical data is usually to explore the 

descriptive parameters and examine the probability distribution of the variables in the data 

set. The descriptive parameters used in this study include the total number of samples, 

minimum, maximum, percentile (i.e., 25%, 75%, 95%), mean and median value, standard 
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deviation (SD), coefficient of variation (CV) and detection limit (DL), etc. Summarising 

the descriptive parameters of the studied variables provides a way to understand the 

background knowledge of the concentration of soil elements in the study area. The measure 

of SD and CV can reflect the degree of dispersion of the data set, with usually larger values 

indicating the existence of potential outliers (extreme high values). These outliers will 

interfere the results of spatial analysis and statistics, and should be carefully treated prior 

to the further analysis. 

 

3.3.1.2 Probability distribution 

 

Many multivariate analysis and spatial analysis of geochemical data are based on the 

assumption that the data under study follows a normal or lognormal distribution. However, 

previous research has proposed that most elements are not normally or lognormally 

distributed under natural conditions (e.g., Zhang and Selinus, 1998; Reimann and 

Filzmoser, 2000), instead, they usually display a right skewed distribution due to the 

presence of outliers in the data set. Therefore, it is necessary to test the probability 

distribution of variables through probability plots before further analysis, such as 

histograms and Quantile-Quantile (Q-Q) plots. The histogram shows the frequency 

distribution and aggregate the data into different groups. In the case of a large amount of 

data, superimposing the histogram and the normal probability curve can simply and 

effectively examine the normality of the input variable (Lin and Mudholkar, 1980). On the 

other hand, the Q-Q plot displays the expected values of normal distribution against the 

actual values for studied variables (Wilk and Gnanadesikan, 1968). If the values are 

normally distributed, the points should cluster near to a straight line on the plot. 
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3.3.2 Data treatment 

3.3.2.1 Data transformation for GEMAS data in European agricultural soil 

 

As mentioned earlier, the spatial analysis and statistics (i.e., Getis-Ord Gi
*statistic; GWR 

model) is required the normality of input variables. However, the TOC contents and pH 

values in the GEMAS data set do not follow a normal distribution. The significance of 

Kolmogorov-Smirnov normality test (K-S test p value < 0.05) also suggested the non-

normality of raw data. Therefore, in order to limit the impact of outliers and deal with ónon-

normalityô of the raw data prior to the spatial analysis (Zhang et al., 2008a), a normal score 

transformation was applied to the raw data set of TOC and pH. The normal score 

transformation is regarded as an efficient tool to transform the original distribution of a 

data set to a near symmetrical distribution.  

 

3.3.2.2 Data transformation for Tellus data in Northern Ireland 

 

The spatial clustering patterns of 15 PTEs and soil samples were investigated by the hot 

spot analysis and K-means clustering analysis in the topsoil of NI. Data without 

transformation can lead to relatively unreliable results of spatial clustering analysis. For 

hot spot analysis, data transformation is a standard process as it belongs to a parametric 

statistic. The effects on the raw data and results of different transformation methods have 

been discussed in previous studies (e.g., Zhang et al., 2008a, Xu et al., 2019). For K-means 

clustering analysis, centred log-ratio (clr) transformation and isometric log-ratio (ilr) 

transformation have been reported as better methods to capture spatial hidden patterns in 

the geochemical datasets (Templ et al., 2008). Therefore, for consistency, a clr-

transformation was subjected to the raw data based on 15 variables of PTEs.  
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3.3.2.3 Data transformation for Tellus data in the northern half of Ireland 

 

The spatial relationships between Pb and Al were studied by GWPCC in the topsoil of the 

northern half of Ireland. The GWPCC also belongs to parametric spatial statistic that 

depends on classic statistical parameters (i.e., mean value), which requires the normality 

of distribution for the data. However, the raw Tellus data set of Pb and Al do not follow a 

normal distribution, thus necessary data transformation process is required. In order to meet 

the normality requirement of GWPCC (Fotheringham et al., 2002), the normal score 

transformation was performed on the Pb and Al concentrations. 

 

3.3.3 Spatial analysis 

3.3.3.1 Inverse distance weighted interpolation 

 

Inverse distance weighted (IDW) interpolation is a deterministic interpolation method, 

which is widely used in environmental and geochemical mapping as the simplest spatial 

interpolation method (Shepard, 1964; Wackernagel, 1998). The IDW interpolation can 

predict values in unsampled locations by using weights on the measured values of 

surrounding sampled points within a defined distance (Robinson and Metternicht, 2006). 

It assumes that each estimated point has a local influence that diminishes with distance, 

and, thus, gives a higher weight to points that are closer to the prediction point, and the 

weights gradually decrease as a function of distance. The IDW interpolation has two main 

parameters, including the power value and the number of neighbours (Zhang et al., 2011). 

However, there is no standard criteria for determining the optimal parameters, which 

depends on the actual objectives of study. The power was chosen as 2 and the searched 

neighbours were between 10 to 15, which is able to create smooth surface at the regional 

level. 
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In this study, the IDW interpolation was used to produce the continuous colourful surface 

maps for the spatial distribution of 15 PTEs concentration in NI, and the concentration of 

Pb and Al in the island of Ireland. 

 

3.3.3.2 Hot spot analysis (Getis-Ord Gi
* statistic) 

 

Hot spot analysis is a mapping technique that can reveal spatial clusters based on the 

distance between samples, and can identify locations with statistically significant high and 

low values in a certain geographic area based on a calculated distance. This particular 

analysis groups samples based on the similar high or low values which are found in a cluster. 

In fact, hotspot analysis requires the presence of clustering within the spatial data set. The 

hot spot analysis is based on Tobler's First Law of Geography, which states that ñeverything 

is related to everything else, but near things are more related than distant thingsò (Tobler, 

1970). This first law is the foundation of the fundamental concepts of spatial dependence 

and spatial autocorrelation. 

 

Getis-Ord Gi
* statistic (local Gi

* statistic) is a measure of spatial autocorrelation from a 

local perspective (Ord and Getis, 1995), which belongs to one of the methods of the hot 

spot analysis. The local Gi
* statistic returns the z-scores and p-values by calculating the 

local sum for the values of each feature and its corresponding neighbours. A high z-score 

and a small p-value for a feature indicate a significant hotspot (high-value cluster). On the 

same premise, a low negative z-score and a small p-value indicate a significant cold spot 

(low-value cluster). A statistically significant hotspot is a location surrounded by other 

samples with high values (the reverse applies for a cold spot). Also, this tool can help 

identify hot and cold spots with different significant levels, so priorities can be set up based 

on practical situations and requirements. The equations for calculation of Getis-Ord Gi* 

statistic are given below (Getis and Ord, 1992): 
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where i is the centre of the local neighbourhood; ὼ is the value of the variable in the sample 

at location j; ‫ȟ is the spatial weight between sample locations i and j; n is the total 

number of samples.  

 

The following equation calculates the mean value of the whole data set: 
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and the standard deviation of the whole data set is calculated by the following equation: 
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In this study, Getis-Ord Gi* statistic was used to identify the spatial clustering patterns for 

TOC contents and pH values in European agricultural soil, and the spatial clustering 

patterns for the 15 PTEs concentration in the topsoil of NI. The distance bands for GEMAS 

data in European continent and Tellus data in Northern Ireland were 100,000 m and 3,000 

m, respectively. 
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3.3.3.3 Geographically weighted regression (GWR) 

 

Since the 1990s, the GWR model is known as a powerful method to explore spatial non-

stationarity and capture spatially varying relationship (Brunsdon et al., 1996; Fotheringham 

et al., 2002). This technique is an extension of ordinary regression model, such as Ordinary 

Least Square (OLS), and is used to reveal spatial relationships between the dependent and 

independent variable(s) from the local perspective (Fotheringham et al., 2001). The GWR 

can generate a set of regression coefficients at the local level that reveal how the 

relationship between the input variables change over space (Fotheringham et al., 2002), 

while the spatial patterns of such local parameters cannot be identified by the traditional 

regression model (e.g., OLS). The traditional regression model assumes the studied 

relationship is linear and spatially constant over the space, and thus the estimated 

parameters (i.e., regression coefficients) remain the same in the whole study area (Tu and 

Xia, 2008). These conventional techniques should be regarded as global statistics. On the 

contrary, the GWR has the potential to estimate the local regression coefficients at each 

sample site by allowing the parameter estimation between the dependent and independent 

variable(s) to vary concurrently at each location (Fotheringham et al., 2002; Kumar et al., 

2012). Therefore, GWR can explore the spatially varying relationships between input 

variables by including the spatial coordinates of each sample site, which are often ignored 

in the traditional linear regression modelling. The traditional OLS equation is: 

 

ώ ‍ ‍ὼ ‐                                                                                                                   σȢτ 

 

where ώ is the value of the dependent variable (TOC) at the i th location, ὼ  is the value of 

independent variable (pH) at the i th location, ‍ is the intercept on the y-axis, ‍ is the 

regression coefficient that is estimated for the independent variable (pH) at location i, and 

‐ is the error term. 
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Based on Fotheringham et al. (2002), the GWR model can estimate local coefficients rather 

than global ones by adding the geographical location in the function, which is expressed 

as: 

 

ώ ‍ ‘ȟὺ ‍ ‘ȟὺὼ ‐                                                                                        σȢυ 

 

where ‘ȟὺ  represent the coordinates for sample location i, ‍ ‘ȟὺ  is the intercept for 

location i, and ‍ ‘ȟὺ  is the local regression coefficient for the independent variable (pH) 

at location i. 

 

In contrast with the ordinary regression model, the local regression coefficients in GWR 

can be estimated by using a weighted function (Fotheringham et al., 2002), as expressed 

by the following equation: 

 

ɼ‘ȟὺ ὢὡ ‘ȟὺὢ ὢὡ ‘ȟὺὣ                                                                       σȢφ 

 

where X is the matrix formed by the values of the independent variable x; Y is the 

corresponding matrix generated by the values of the dependent variable y; ὡ ‘ȟὺ  

represents the weight matrix chosen to ensure that observations closer to the specific 

location ‘ȟὺ  have greater influence on the final result.  

 

There are two important parameters when implementation of GWR model, including the 

kernel function and bandwidth. The adaptive kernel type was selected as the weight 

function because it can reduce the óborder effectô when sample sites are located near to 

coastal or country border areas (Zhang et al., 2011), which is suitable for the study area 

(i.e., European continent). There are two types of bandwidths in the GWR model, one is 
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the spatial distance and the other is the number of nearest neighbours. By applying the 

adaptive kernel function, the latter bandwidth was selected. The bandwidth was chosen by 

using the AIC function, which is effective in finding the óoptimalô distance band in the 

GWR model (Fotheringham et al., 2002). Regarding technical details, there is no consensus 

on the choice of the óbestô bandwidth and this has been extensively debated in the literature 

(e.g., Farber and Paéz, 2007; Guo et al., 2008). The GWR results vary by selecting 

different bandwidths and spatial weights. With smaller bandwidth, it can reveal more 

spatial variation at the local level, and the spatial patterns of regression coefficients are 

scattered over the study area. With larger bandwidth, the GWR approach tends to reach a 

global regression, and the spatial patterns of the estimated parameters become larger and 

smoother. Therefore, the selection of bandwidth depends on the specific aims and 

objectives of the research. Considering the research objectives to reveal the spatially 

varying relationships between TOC and pH at different scales, eight different bandwidths 

(with the number of neighbours being 25; 50; 75; 100; 125; 150; 200; 250) were 

investigated in this study. 

 

3.3.3.4 Geographically Weighted Pearson Correlation Coefficient (GWPCC) 

 

Geographically Weighted Pearson Correlation Coefficient (GWPCC) is an extension of 

traditional Pearson Correlation Coefficient (PCC) which adopts the concept of 

geographical weights (GW) around observations for calculating local statistics 

(Fotheringham et al., 2002; Kalogirou, 2012). The traditional PCC is regarded as a global 

statistic that assumes the measured correlation between two variables are constant and 

remain the same across the study area (Tu and Xia, 2008), and thus cannot capture the 

correlation at the local level. Based on the same principle as GWR, the GWPCC estimates 

the local correlation coefficients at each sample point by measuring the parameters of 

relationship locally (Fotheringham et al., 2002). Therefore, it can capture the spatially 

varying relationships between input variables by including the information of spatial 

locations for each sample site, which are ignored by traditional PCC. Moreover, the local 

coefficients of GWPCC can represent strong or weak correlation between variables, rather 
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than the regression (slope) coefficients in the GWR (Xu and Zhang, 2021). A series of 

significance tests are provided by GWPCC, which can identify the local variations at 

different significance levels (Kalogirou, 2014). The formula of traditional PCC is: 

 

ὶ  
ὼ ὼӶώ ώ

ὼ ὼӶ ώ ώ

                                                                               σȢχ 

 

where ὼ is the value of Al at the ith location, ώ is the value of Pb at the i th location, ὼӶ is 

mean value of Al which is calculated by В ὼ ὲϳ , ώ is the mean value of Pb which 

calculated by В ώ ὲϳ , n is the total number of samples. 

 

The GWPCC can estimate local correlation coefficients (ὶ) at a location i by adding 

geographical weighting ύ  in the equation, which is expressed as (Kalogirou, 2014): 

 

Ὣύὴὧὧ 

ύ ὼ ὼӶώ ώ

ύ ὼ ὼӶ ύ ώ ώ

                                                   σȢψ 

 

where ὼӶ is the geographically weighted mean value of Al which calculated by 

ύ ὼ ύ , ώ is the geographically weighted mean value of Pb which 

calculated by ύ ώ ύ . 

 

The weights are calculated by a bi-square function expressed as: 
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ύ  ρ
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                                                                                     σȢω 

where Ὠ  is the distance between location i and j, Ὤ is the selected bandwidth (nearest 

neighbours) using adaptive kernel type function of location i. 

 

As same concept with GWR, bandwidth is an important parameter in the GWPCC and also 

other GW models, which has been extensively debated in the literature (e.g., Farber and 

Páez, 2007; Guo et al., 2008; Gao and Li, 2011). The details of the discussion of bandwidth 

selection can be found in section 3.3.3.3. Also, the adaptive kernel type was chosen to 

reduce the óborder effectô in the study area (i.e., island of Ireland), and the technically 

optimal bandwidth was chosen by AIC (n = 43). Considering the research objectives of 

revealing large and smooth patterns of local correlation, six bandwidths with large nearest 

neighbours (43; 100; 150; 200; 250; 300) were investigated. In this study, the GWPCC was 

applied to explore the spatially varying relationships and local correlations between Pb and 

Al in the topsoil of the northern half of Ireland. 

 

3.3.4 Multivariate analysis 

3.3.4.1 Correlation analysis 

 

Correlation analysis is a bivariate method used to quantitatively evaluate the strength of 

the relationship between two variables (Franzese and Iuliano, 2019). A statistically 

significant high correlation indicates that there is a strong relationship between these two 

variables, while a statistically significant weak correlation indicates that these two 

variables are poorly related (Koch and Link, 2002). The most popular correlation analysis 

method is Pearson's correlation coefficient analysis. However, it has the prerequisite of 

ónormalityô for environmental geochemical data sets. Another commonly used correlation 
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analysis technique is Spearman's correlation coefficient analysis, which belongs to the non-

parametric statistic, and does not carry any assumptions on the distribution of the data set. 

Therefore, in this study, Spearman's correlation coefficient was used to investigate the 

correlation among TOC, pH and other environmental variables in the European agricultural 

soil. 

 

3.3.4.2 Principal component analysis (PCA) 

 

Principal component analysis (PCA) is one of the most popular methods in multivariate 

statistical analysis, which has become a standard approach and widely used to extract 

useful geochemical information. It combines multiple correlated variables into fewer 

principal components based on correlation or covariance matrix. These components are not 

correlated with each other, which can represent the interrelationships between the multi-

variables in the original data set (Jolliffe, 2002). The advantage of adopting these extract 

components is that the input data sets can be replaced by fewer comprehensive indicators 

with as little loss of information as possible (Jolliffe, 2002), and this step is called 

dimension reduction. The appropriate number of components can be determined by a 

significant inflection point on the output scree plot (Cattell, 1966). In addition, PCA can 

enhance the interpretability of results among multiple variables by selecting appropriate 

rotation methods (Cheng et al., 2006), including Varimax, Promax, Oblimin and Quartimin 

(Carroll, 1953; Kaiser, 1958; Hendrickson and White, 1964; Harman, 1976). In this study, 

PCA was performed to reduce dimension for the 15 PTEs in the topsoil samples of NI prior 

to the K-means clustering analysis. 

 

3.3.4.3 K-means clustering analysis 

 

K-means clustering analysis is a partitioning clustering algorithm, which is adopted as the 

most widely used clustering method in ML and data mining due to its simplicity and 

efficiency (Han and Kamber, 2006). It is usually performed as the initial step of data 
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analysis, which has been proved to be powerful for capturing the hidden spatial patterns in 

environmental geochemistry (e.g., Bengio et al., 2013; LeCun et al., 2015; Zuo et al., 2017). 

The principle of K-means clustering is to partition the space into k non-overlapping clusters, 

and classify each observation to the nearest centre in order to minimise the within-cluster 

variance as well as maximise the between-cluster variance (Hartigan, 1975; Alizadeh et al., 

2017). In other words, it aims to divide the samples with higher similarity into the same 

cluster, while the samples between each cluster are very dissimilar. The function of K-

mean clustering is presented as follow (MacQueen, 1967; Hartigan and Wong, 1979): 

 

 ὐ ὼ А

ᶰ

                                                                                                            σȢρπ 

 

Where ὐ is the objective function, ὅ is the i th cluster, ὲ is the number of samples in i th 

cluster, distance function Ὠ  ȿȿὼ mȿȿ represents the calculation of the distance 

between each sample point ὼ and centroid m in the i th cluster. The centroid m can be 

calculated based on the function as below: 

 

m  
ρ

ȿὅȿ
 ὼ

ᶰ

                                                                                                                      σȢρρ 

 

The implementation of K-means clustering algorithm can be summarised in the following 

steps (Zagouras et al., 2013):  

(1) Randomly initializing the cluster centroid m, m, é, m; 

(2) Calculating the distance function Ὠ  between each sample point ὼ and centroid m in 

the i th cluster. The distance function Ὠ  was based on the Euclidean distance in this 

study. 



 

75 

 

 
Materials and methodologies 

(3) Moving each sample point ὼ to the cluster of its nearest centroid m , and update 

cluster centroids from which sample points have been disjointed or reassigned. 

(4) Computing the objective function ὐ, as given above in formula (1). If function ὐ 

converges, the centroids do not change from the previous iterations, and the K-means 

clustering algorithm derives the final centroids of cluster. Otherwise, the step 2 and 3 

are repeated until the objective function ὐ converges. 

 

The number of clusters is an important parameter when using the partition clustering 

(Weatherill and Burton, 2008). The choice of optimal cluster numbers can be achieved by 

various methods and the prior knowledge, including Davies-Bouldin Index (Davies and 

Bouldin, 1979), Silhouette method (Rousseeuw, 1987), elbow method (Ketchen and Shook, 

1996), information criterion approach (Goutte et al., 2001). In this study, Silhouette method 

was applied to choose the appropriate cluster number. It can provide succinct graphics to 

display the quality of classification, as well as silhouette values to interpret and validate 

the consistency of clusters within samples (Rousseeuw, 1987). The silhouette values can 

represent how similar an observation belongs to its cluster compared to others, where a 

high value implies the good cohesion of one object to its own cluster and poor match with 

adjacent clusters. This principle corresponds well to the classification criteria of cluster 

analysis.  

 

In this study, K-means clustering analysis was performed to reveal the hidden spatial 

patterns of the topsoil samples based on the 15 PTEs in NI. 

 

3.3.5 Computer software 

 

All the data sets are stored in Microsoft Excel (ver. 2016), and data statistics were 

computed in SPSS (ver. 24). The normal score transformation was conducted in SPSS (ver. 

24), and clr-transformation was conducted using R project (ver. 3.56). All the spatial 
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distribution maps were produced using IDW interpolation in ArcGIS (ver. 10.4). The Getis-

Ord Gi
* statistic and GWR were also performed in ArcGIS (ver. 10.4). Principal component 

analysis was conducted in SPSS (ver. 24), while K-means clustering was compiled using 

óclusterô package (ver. 2.10) in R project (Maechler et al., 2019; https://cran.r-

project.org/web/packages/cluster/cluster.pdf). The local correlation coefficients and their 

significance level were calculated using the GWPCC in the R package ólctoolsô (ver. 3.56, 

in http://cran.r-project.org/web/packages/lctools/index.html). 

 

3.4 Summary 

 

This chapter describes the background knowledge of the study area in European continent, 

Northern Ireland and the northern half of Ireland. In addition, the sampling locations, 

preparation and laboratory analysis for the GEMAS project and Tellus survey data were 

also discussed. Furthermore, the detailed information about methodologies and data 

analysis were provided in this chapter. 

 

 

 

 

 

 

 

 

 

 

 

https://cran.r-project.org/web/packages/cluster/cluster.pdf
https://cran.r-project.org/web/packages/cluster/cluster.pdf
http://cran.r-project.org/web/packages/lctools/index.html
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4.1 Identification of the co-existence of low total organic carbon 

contents and low pH values in agricultural soil in north-central Europe 

using hot spot analysis based on GEMAS project data 

 

Xu, H.F., Demetriades, A., Reimann, C., Jiménez., J.J., Filser, J., Zhang, C.S., 2019. 

Identification of the co-existence of low total organic carbon contents and low pH values 

in agricultural soil in north-central Europe using hot spot analysis based on GEMAS project 

data. Sci. Total Environ. 678, 94-104. 

 

Summary: This paper investigated the spatial patterns of TOC contents and its relationship 

with pH values using hot spot analysis (Getis-Ord Gi
* statistic) based on 2,108 topsoil 

samples that collected from GEMAS project in European agricultural soil. The overall 

patterns revealed by the hot spot maps showing a general negative relationship between 

these two variables at the European continent scale. High TOC contents accompanying low 

pH values in the north-eastern Europe, while low TOC with high pH values in the southern 

part. Moreover, a óspecialô feature of co-existence of comparatively low TOC contents and 

low pH values in north-central Europe was also identified by hot spot analysis, and this 

hidden pattern showed clear association with high concentration of SiO2 (quartz) in the 

coarse-textured glacial sediments in north-central Europe. The results demonstrated that 

hot spot analysis is effective in highlighting the spatial patterns of TOC in European 

agricultural soil and helpful to identify hidden relationships between environmental 

variables. 

 

My contribution in this paper accounted for ~80% in reviewing literatures, exploring 

data and writing manuscript.  
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