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Abstract

With the increasing availability of data @mvironmental 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 tool$or dataanalysis which requires the applications and
development 061S-basedspatial techniquesn this thesis, fouadvancedpatialanalysis

and machine learning (ML)echniques (1) hot spot analysis (G& Ord G); (2)
Geographically weighted regssion(GWR), (3) K-means clustering analysis; and (4)
Geographically Weighted Pearson Correlation Coeffic{@WPCC)were deployedto

investigate thepatialpatterns andb extract hidden informatiom largescale datasets

Thetotal organic carbon (TOC) and potentially toxic elements (PTES) were shaked
on datasets oGEochemical Mapping of Agricultural SAIGEMAS) of EuroGeoSurveys
and Tellusof Geological Survey of IrelandOn the one handhe TOC contents are
receiving increasg attentionin agriculturalsoils as an important indicator of soil nutrient
not only due to therloserelationshipwith soil fertility, but alsowith carbon dioxideCOy)

in the atmospherédn the other handhe advanced spatial tatiquesplayed important
roles to evaluate concentrationsand spatial variation of PTEaffected by multiple
influencing factorsfrom natural and anthropogenic sourc@hese studies provide
demonstrations of applicatienof these advanced analyticééchniquesas possible

solutionsto the challengesf data analyticen the big data era

(1) The hot spot analysisas performed oa total 0f2,108 agricultural soil samples based
on GEMAS dataandrevealed a overall negative correlation between TOC and pH,
which was in line witlthe general relationship between these two variables. However,
a 0 s p e ceoacb-éxisténeeat camparatively low TOC and pH values alas
identified in north-central Europelt hasben f ound t hat these 0sry
strongly related to the high concentration of quartz §5itthe coarseextured glacial

sediments in norticentral Europe.



(2) The GWRfurther explored the spatially varying relationships between TOC and pH
basedn the GEMAS datavith more than 50% original negative relationship changed
to positive at the continental level. The significant positive correlathrsteredin
centrateastern Europe, while negative correlations vedrgervedmainly in northern
Europe. Mixed relationships occurred in southern Eurofech results further
highlightedtheinfluences of thextensive occurrence of quarizh soik and climate
factorsonthe 6 s p e positavd cdrrelations. In addition, anthropogenic inputs also
interfered the relationship® the mixed southern European areas.

(3) The intgrationof hot spot analysis and-Keans clustering analysigas applied to
investigatethe spatial patterns for 15 PTEs and associations with their controlling
factors based on the Tellus datanderthe complicated geological backgrounél
Northern Ireland (NL) The spatial clustering patterfier the 15 PTEs from hot spot
analysisand hidden patterns of,852 soil samplesrom K-means clusteringvere
consistent with edrcother, highlighting the dominant control of peat and basalt in the
topsoil of Northern Ireland

(4) The GWPCClound thatthe relationshipsetween lead (Pb) and aluminium (Alje
spatially varying, with both positive and negative correlatiorisertogsoil of northern
half of Ireland based. The o6special 6 negat i\
35% of the whole study area, mainly clustered in the remtiern and wesstn 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 blae&etwhich can

be attribute to longlistance transportation of Pb from atmospheric deposition.

The main scientific contributiondo the advancements in environmental geochemical

studiesof this research includthe following

Qi denti fi ed uraofpbstipeeckatiorashipdf lotv €@Ctcontents and low pH

valuesin thenorth-central Europe;



(2) introdueed the topiof O spatially shbarweaeg T @wieha h d n p H
provideadded value and clarification to the understanding ottiméroversy of their

complicated relationship in the literature

(3) provided latest understanding and classification of 15 PTEs in the topsoil of NI to
enhancethe current knowledge of thiecontrolling factorsunder the complicated

geological background

(4) proved and observed the spatially varying relationships between Pb and Alavkich

associated with atmospheric deposition and anthropogenic activities.

Overall, hesenovelfindingsindicatedthat the spatial tecliiueshave strong efficiency in
processing largecale datasetproviding demonstration and evidence for the application

of GIS-based advanced spatial analysisaentification ofthe hiddenspatial patternsor

TOC and PTEs in the topsoil atmlassociatthem wih related influencing factor§hese
analytical results enhanced the current knowledge for soil management and risk assessment,

and can be appligd environmental studies elsewhere.

Keywords:Geographic information system (GIS)ptal organic carbon (TOC); pH; Hot
spot analysis; Geographically weighted regression (GWR)atially varying
relationships;Potentially toxic elements (PTEd)ead (Pb)
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Introduction

1.1Gener al Il ntroducti on

1.1.1 Background of spatial analysidgn 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 cobgaéddrtool

that provides a platform to integrate geaphic 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 andeoscience, which has now alssenapplied in other fields such as engineering,

transportation, economiesdtelecommunicationgtc (Maliene et al., 2011).

Since the 1990syith the development of G|She exploratory research on environmental
geochemistry has gradually relied gecstatistical analysis and modelling of spatial data
(Burrogh and McDonnell, 1998). The datasets sampled for specific environmental variables
and regions have been widely applifor environmental planning, management and risk
assessment (Zhang et al., 2008allitto et al., 2010; Burrough et al., 2015). However, as the
data volume and diversity continue to increasdhe big data eraclassicalstatisticsare
proposed akacking of efficiency in datanalysisof largescale andanultivariate 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 techniqué® are
combination ofadvancedpatial techniques and machine learning algoritfivitsAs) applied

onto the spatial data of environmental geochemistry (e.g., Kanevski et al., 2009; Li et al., 2011),
including classification, prediction, visualisation, identificatiof cluster patterns and spatial
relationships, etc. (Zhang, 2020). These techniques have the potential priarciovéetional
techniquesn revealing hidden spatial patterns, which are helpful to extract useful geochemical
knowledge and associat®from these patterngXie et al., 2004; Meshkani et al., 2011,
Sergeev et al.,, 2019; Rahmati et al., 2020). In this thesis,sfmtral analysis an&ML

techniques of hot spot analysis (Gefied G” statistic), geographically weighted regression

2



Introduction

(GWR), K-means clustering analysis and Geographically Weighted Pearson Correlation
Coefficient (GWPCC) wereemployedto investigate the spatiaistribution patterns and
spatially varying relationshipsf soil TOCand selecteBTEsbased on the GEMAS anatllus
datasets, respectivelyhese studiegrovide demonstratioaf applicatiors of these advanced
analyticaltechniques in environmental studies from both local and regional saatkshese
spatial patterns provide an effective way to associate mgitlied influencing factors or
pollution sourcesMoreover, considering the rapid development of spatial tqaksin the

big data era, thexisting problems and possible solutiarfsGlS-basedspatial analysisn

environmental geochemistry wemtsoreviewed and summarised

1.1.2 TOC in European agricultural soil

Soil TOC contentis a measure of the carbon stored in organic matter (@Mich is an
important indicator of soil quality and productivity. In addition, soil is regaesdtte largest
organic carbon (OC) sink in the terrestrial ecosystem, with total amounts of carbon two or three
times higher than that in the atmosphere mestrial vegetation (Batjes, 1996; Job&gy and
Jackson, 2000; Schmidt et al., 2011). Therefore, even minor changes of TOC dordeitgs

can influence the atmosplh®CO, concentrationgJohnston et al., 2004)he sequestration,
decomposition and redse ofOC in soils play important roleg global carbon cycle, which is

of great significance for mitigating global climate change and maintaining ecosystem services
and functions (Yang et al., 200Due totheimportanceof TOC, its contenthas been wiely

studied on national and regional scaks;h adreland (Zhang and McGrath, 2004; Zhang et

al., 2011), France (Martin et al., 2011), Belgium (Meersmans et al., 2011), Spain (Rodduez
Marti et al., 2016) and the United Kingdom (Bradley et al., 206¥)wever, previous studies
mainly focused on the storagedignored the spatialariation anddynamic of TOCby using
traditional statistical method#s an essential componentagfriculturalsoil, TOCexhibits a

high degree of spatiaariability at both horizontal and vertical levels under toenplicated
influencingfactors including both natural and anthropogenic ones, such as climate, topography,

soil properties, soil parent materials, fertiliseputs and agricultural management (Jenny,

3
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1980; Jackson et al., 2002; Lal, 2005; Jandl et al., 2007). In this ceesjires animproved

way to explore the spatial variatiopatternsand varying relationshipfr TOC contentsn
agricultural soil For example, the negative relationship between TOC contents and pH values
in soilshas been widely reported in previous studies (McGrath and Zhang, 2003; Korkang
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 mo@ets, ordinary linear regressiooorrelation
analysi$, which cannot capture the varying relationships at diffesampling locations
However, considering the complicated influencing factors on these two variables, the
contradictory relationships should be objectively evaluatetthe local scalesvhich can be

done by GetigOrd G” statistic and GWR model. These two techniques can reveal the
clustering patterns opositive and negativeelationshi, providing effective ways to
investigate the spatial relationships between the soil TOC contents and pH values. Since the
spatially vaying relationships between soil TOC contents and pH values have not been

guantitatively researched yet, itasvorthwhile topicat the European continental level.

1.1.3 PTEs insoilsof Ireland

Exposure to excessive accumulation of PTE concentrations isfilatonhuman health,
especially the highly toxic elements suclaeseni¢ccadmium cobaltandlead(Bellinger, 2004;
Zahran et al., 2009). Therefore, understanding the sources of PTEs is important for
environment management arsdistainabity (Shazili et al., 2006; Huang et al., 2007).
Considering the complicated geological background of the topsdil,ahe hidden spatial
patterns and controlling factofsr the selected5 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 (Smgnium (U), vanadium (V) and zinc

(Zn) were identified byhe combination ofwo SML techniques ofiot spot analysiand K-

means clustering analysis in the topsoiNdf These two spatial clustering technighese the

potential todiscover the spatialustering patterns of high and low values of 15 PTEs and soil

4
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samples, which provides an efficient way to reveal the clear spatial association between these

patterns and their controlling factosgth different geological features

Moreover among allthe 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; Chleng et
2015). As a promising way to associate with influencing factdh®e spatially varying
relationships between Pb and Al concentrations were investigated by the GWPCC technique
in the topsoil ohorthern halbf Ireland.The elemenAl is a basic condtiient of silicate clays

and Pb can not only be adsorbed to clay but it is also present in primary silicatésddepEr

and mica (Spark, 2010). It is a conservative lithogenic element and often used as reference
element (Shotyk et al., 2002; Sezgin ket 2003; Le Roux et al., 2004), which is chemically
stable and its fate in the environment media is not easily affected by human aciitiges.
original relationship between Pb and Al is positive under most natural conditions due to their
similar chemichproperties chropp and Windom, 1988; Spark, 2pMhich is expected for

soils derived from continental crust (Walsh and Barry, 1957). However, gémeral
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 appliedidentify influencing factors fasther PTEs$n the environmental

studies elsewhere.

12Exi sting policies on soil cont s
(EU) and Ilreland

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

butnonrenewable resource based on its nature, providing food, biomass and raw niaterials



Introduction

humans(Mongwe and Fey, 2004Swartjes et al., 2008Ceci et al., 2019 Due to the
inseparable relationship between soil and teregdstiosystem, evesomeminor pollution or
damage to its structure will also affect other environmental media. For example, soil is
consideredas the largesDC pool, and the sequestration O in the soil can reduce the
emission of CO; into the air and thus effectively reduce the greenhouse effeSoil
degradatiormandcontaminations one of the main threats affecting global soil health (FAO and
ITPS, 2015). However, soil pollution is unique and invisillgijle its impact is only visible
when the pollution level has serious impgamt the environment and human health (Rodduez
Eugenioet al.,2018).

At present, etensive legislation for soil protection has been proposed at the European
continental levelfaking the EU Soil Thematic Strateggs core(Rdnbke et al., 2004; EC,
2006). The Soil Thematic Strategy identified the mairedlts to EU soils, including soil
erosion, sealing and landslides, soil contamination, the loss of soil OM and biodiversity, soll
compaction and salinisation (EC, 2006; Montanarella and Panagos, RGdthducel soil
degradation trends in Europe and thiorld, 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 achievéis goal in the futurdn addition, other existing laws are maifbcused

on the environmental objectives thae not explicitlyon soil, such as reducing pollution,
offsetting greenhouse gas emissions and preventing other environmental sueht®s
Environmental Liability Directivé2004/35/EQ, Industrial Emissions Directivig010/75/EU),
Environmental Impact Assessment Directi(®/337/EEC)and Sewage Sludge Directive
(86/278/EEC) etc.In May 202Q theEC adopted the 2030 Biodiversity Strategy based on the
EuropeanGreenDeal which aims to improve thecosystenand achieve the sustainktly of

human habitation through lostigrm dforts.

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

environmental protection and improvement, which encourages local researchers to conduct



Introduction

environmental monitoring and assessment. According to the currente@llations and
framework, both the EU and Ireland have carriedgaaichemicamapping 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 Glennd3)20

l3Resedhyplt hesi s

Based on the literature review, three main research gaps related to spatial analysis in soll
geochemistry were identified, including largeale datasets, spatial patterns and spatially
varying relationships betweeamvironmental 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 iscalege
datagts. 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, th 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 ontrolling 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 anddkicentrations 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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l4dResearch objectives

The overall airs andobjectivesof this thesis is to usaf GIS-basedadvanced spatial analysis

to identify spatialpatternsfor soil nutrients (i.e., TOC) and PTEs based on the {acgée
dataset (Fig. 1.1) These spatial patterns can be usedxtract hidden knowledge and
geochemicahssociationsvith different influencing factors and pollution sources, whacé

vital to the research of environmental geochemistry, as they are difficult to capture by
traditionaltechniquesTo this end, this theseppliedfour spatialandytical technologies to
demonstrate the process of identifying spatial patterns and extracting geochemical knowledge,
and providd a summary ofthe development and applicat®of GIS-basedspatialanalysis

The unified link of these four papers in thigsis is the applications of different advanced
spatial analysis techniques on identification of hidden patterns of soil geochemical mapping in
largescale datasets. These spatial patterns and spatially varying relationships between
environmental variablesan 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 Overallresearch objectives of four studies in this thesis.

Specifically, the research objectives of identification of thexistence of low TOC contents

and low pH values in nortbentral 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 eéxistence of both low TOC and

pH values.

The research objectives of investigatsmatially 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 identifyidifferent 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 usimyeéns clustering analysis;

(3) to explore the geochemicassociation between the spatial patterns and controlling factors
on PTEs.

The research objectives@fploring main influencing factors of spatially varying relationships
betweerPbandAl concentrations in the topsoil of northern half of Irelanet
(2) to investigatethe spatial relationships between Pb and Al concentrations using GWPCC
based on the currently available Tellus datars#te topsoil of northern half of Ireland
(2) to identify the spatial associations with different influencing facfoosn the local
correlation patterns;
Bto further explore the underlying mechani s m:
and potential pollution sources of Pb distribution.

155t ructure of Thesi s

Chapter 2reviews thedevelopment and applications of Gh&sed spatial analysiwith the
focus onthe existing problems and possible solutiansthe big data era of environmental
geochemistry. It also summarises #pplications of spatiadnalysison thedistribution and

10
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variation of TOC and PTEsncluding the associations withnfluencing factors from both

natural and anthropogenic aspects.

Chapter 3 demonstrates the materials and methodologies usesd timets including soil

sampling process, background of study ade#a analysis and specific methodologies used in
this study.

Chapter 4 compriseBve published papers with their summaries and personal dedication

descriptions.

Chapter 5 discusséise overview of the research procesthis thesisandhighlights how the
researcheselate to each otheas well as the contributions and advancesienthe current
literature and wider research community.

Finally, Chapter 6 concludes thesults offive papers, and recommends pot@levant

strategy and puts forward future research.

11
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Literature review

2.10ver vi ew

This chapter briefly revieadthe literatures on the development and applicatdrGIS-

based spatial analysis in the big data era of environmental geochewmiigtfpcuson the
existing problems and possible solutions from the spatial analysis perspés@anced

and effective methods for environmental data mining, they &a applied to identify the
spatial distribution and patterns of nutrients (e.g., TOC) and potentially toxic elements
(PTEs) in the soiht the local or regional scal€herefore, hhis chapter also summarise
theapplications of Gl$hased spatial analysischniques on thdistribution and variation

of TOC and PTEsn order to provide a better understanding of geochemical knowledge
and associations with related influencing factors from both natural and anthropogenic

sources.

22Compositiaomally sdias a

Compositional data are neregative data that carry relative (rather than absolute)
information (PawlowskyGlahn and Buccianti, 2011). These data usually have a constant
and constrained sample value. For example, the sum of proportions or agesastl or

100%. These percentage data are considered as closed data (Aitchison, 1986, Buccianti et
al., 2006), and it requires pprocessing (e.g., data transformation) to open these data to
destroy the closure effects before the statistical or mukiteaanalysis of these data. To

deal with this problem, logatio data transformation is recommended in current literature
(Aitchison, 1986, Egozcue et al., 2003). However, in spatial analysis or geostatistics, many
parametric techniques still require mal 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 thesisledl 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;pamametric methods
should be considered. When the data follawognormal distribution, the logarithm
transformation is sufficient (Limpert et al., 2001). For the more general positively skewed
distribution, a normal score transformation or Boox transformation is recommended
(Zhang et al., 2008). For compositibmkata, logratio transformations (e.g., centred dog

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

23Devel opment asdf a@PBmlSiecdat s pat

technimuesvironment al geochemis

Data in environmantal geochemistry are typical spatial data, containing geographic
coordinates i(e., longitude and latitude) and geochemical attributesy.( 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 bechusguires
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 multivaratststal 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 advaentaof 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

17



Literature review

Rogerson, 2013Wwhich 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, Reicama0Et).
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 literatugegls@ajor problems

in environmental geochemistry include probability distribution, spatial structures and
patterns, correlation and spatial relationships, background and threshsidgisation,
prediction, outlier detection and distinction of naturad anthropogenic factors (Darnley,

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

Probability distributionis always the first step b spatial analysis in environmental
geochemistryas nany multivariate statistical atysis and spatial analysis of geochemical
data are based on the assumption that the data under study follows a normal distribution.
In addition, he spatialstructures andlistribution patterns of the concentration for
geochemical elements can reflectivas geochemical phenomena and processes, and thus
guantifying the spatial patterns can provide a deeper understanding of geochemical
knowledge.Similarly, quantitatively evaluatéhe strength of thecorrelation or spatial
relationshipg betweengeochemicalariables cameveal more information in the datasets
(Franzese and luliano, 2019)he background in environmental geochemistry can be
defined as the natural concentration of harmful substances that are not disturbed by local
human activities (Porteou$996) while technologies such as visualisation and prediction
can provide better understanding on the concentration and distribution of nutrients or PTES.
Moreover, outlier detection andifferentiate natural and anthropogenic factare
regarded as theltimate issues due to their important relationships between environment

and healtiWong et al., 2006)However,when dealing with multivariatdatasets, these
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problems cannot be solved in a simple or efficient way by using traditional techniques.
Recenty, 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 fooutlier detection angotential sources idenitfationat the local and regnal

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) benmost popular

(e.g. Liang et al., 2017; Wu et al., 2019; Reyes et al., 2020¢sponse to these existing
problemssomepossible solutionasing advanced spatial analyars summarised in Table

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

Existing proPosssidblluet i on Exampl e Ref er encc¢

Compositiona Logatio transforrCentredtiogtransformati Xu et al

effect mul tivariate analysis ¢

Probability Data transfofrcmat,iThe influence of data tZhang et
nor mal -Scoesj, K of pollution hotspots

Spatial struspatial autocorreSpati al distriaribom d¢f Xu et al

patterns fractal / multifrac

Correlation PCC, PCA, GWR Spatially wvarying relatXu and Zt

relationship 2021

Background aPlot (e.g., hi stcEsablishing geochemical Rei mann ¢
regression analysfor 53 chemical el ement2018

Vi sual isatiol DW, Kriging Vi sual i satsaoereaofilapai ht eMeng et ¢

environment al heal th re
Prediction Kri gmuwlgt,i vari ate Spati al model |l ing and rZhang et
Outlier deteUnivariate staticsldentification of conteYuan et &

el ement s

Distinction EF, hot spot analSpatially varying relatYuan et

[g}}

and anthropo
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24Bi g data era and spati al mac hi

The oO6four Vsé characteristics of big dat a
geochemistry: volume, variety, velocity aneracity 6ee Fig. 2.1Reichstein et al., 2019).

In the big data era of environmental geochemistry, one oéttileng challenges is to
extract useful knowledge and interpretable information from large and diverse data sources.
The unprecedented volumadacomplexity 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 spatiatechniquesand statisticalmodels In recent years, the
development of machinearning algorithms (MLA) become useful tools fopcessing
problems on prediction, classification and regressidnch have been widely applied in

data mining and problessolving in environmental geochemistry. In addition to traditional
MLA, the commerail ArcGIS software developed by Environmental Systems Research
Institute (ESRI) also supports SML technology by integrated addaspatial analysis
techniques. Gldased SML technology can be also used to process prediction,
classification and identificetn of hidden patterns of clusters. At present, the combination

of classical MIA and SML technique has played a key role on spatial prebt#wing in
environmental geochemistry (Reimann et al., 2011; Fotheringham and Rogerson, 2013;
Povak et al., 2014; Tasov 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 environmentgochemical studies
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Figure 2.1: Characteristics andchallenges of environmental geochemistry in the big data era
(reproduced from Reichstein et al., 2019).

Another challenge is texplorethe spatietemporal trends of environmental geochemical
data. Regional geochemical surveys are usuallydscgke andime-consumingandthus

it is difficult to regulalty conduct fieldworks andcollect sanples €.g.,s0il 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 variatilue to the update
and monitoringat thesampling locationsT herefore, itequires th@dvancemeruf spatic
temporal analysis models and condiion with reattime data on regular environment

monitoring in the future.
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25T he appdoifc abBtlaiSoend spati al anall

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. Theef@lSbased
spatial analysis techniques have been widely applied on quantification and visualisation of
the spatial distributiorpatternsfor TOC contents (Kumar et al., 2013). For example,
McGrath and Zhang (2003) used spatial interpolation technique and a | Mor anods
to investigate the spatial distribution and outliers of soil TOC contents in the grassland of
Ireland. Subsequently, th@erformedspatial statistical techniques to explore the spatial
temporal changes of soil TOC contents during veriod between 1964 and 1996, and
successfullyidentified a significant increase @OC storage in the eastern coastal areas
(Zhang and McGrath, 2004). With the improvement of mapping and prediction
requirements, an increasing number of advanced statigéchniques 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 regresgidelto assess the
spatial distribution of TOC in Belgium. Zhangt 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 afficiency of regional surveying and
mapping on TOC contentg.(., Were et al., 2015; Chen et al., 2018hese advanced
spatial techigues have been proved to have gergpotential over traditional spatial
interpolation methods in predicting amdappirg the spatial patterns of TOContent
(Bhunia et al., 2018).

However, thepreviousstudies mainly focused on mapping and prediction on TOC content
in the soilswhiletheyoften ignored its spatial variation and dynarniiotal organic carbon
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is a dynamic component of the terrestrial systevith not only internal changeat
horizontal and verticalevel, but also external exchanges with the atmosphere and the
biospheregeeFig. 22) (Zhang and McGrath, 2004). The influesonthespatial 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 properteg (, pH, soil texture), whilanthropogenic
factors are related to human activities, such lasd use, cultivation method, site
management and fertilisers etc. (Jenny, 1980; Jackson et al., 2002; Lal, 2005; Jandl et al.,
2007). Although albf these factorplay some rolesn the soil TOC content in different
regions,mostof them generally followsimilar spatial patterns (Wiesmeier et al., 2019).

For example, a climate of low temperature and high rainfall is conducive to the
accumulation 0OM (Rustad and Fernandez, 1998lso0, the TOC content in clay and silt
particles is significantly higher &ém that of coarsgrained 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 oraacegions (West et al.,
1994; Suet 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 fdyitamic andrariation.
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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 isconsidered athe most important paramet@nong all the environmental
variables and influencing factatfsatrelated to TOC contenThis 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 tamtain 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). Gengrathe 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 rgative 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 thecontrary, relatively high pH values accelerate the decomposition of sall
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

relationslip may be disturbedr 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, aslegaropir
references with quantitative statistical analysis on the relationship between these two
variables were found (McGrath and Zhang, 2003; Korkang 2014; Wang et al., 2016;
Gebrehiwot et al., 2018). However, contradictory results of positive caorelzdve 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 varyirdiferent locations of sub

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

considering the o6l ocationé, the concept of

0s

understood, which is the focus of this resehr. The concept of 6spat

relationshipb6b refers to that the relationship

variable(s) are not constant over the space (Fotheringham et al., 2002), but constantly
varying with the change of spatial loats. Use of the local statistical methods such as
hot spot analysis (GetiSrd 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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Tabl eOv2er2vii ew of relationships between TOC and pH values in the past
Rel ati o Author (s Method Descriptions Reasons
Negativ McGrath GIlobal PearNegative correlatiolnnate relationshig
correlaZzZhang, 2correlatiorvalue im=0.rle7l)and ( |l ow pH
Korkan-, Gl obal PearNegatowreel ati on betylnnate relationshig
20114 correlatiorvalnd.274) |l ow pH
Wang et Gl obal ReditpH value negatively Innate rel ataicomshil g
analysis (fton soil organic car |l ow pH
GebrehiwGl obal Pear(r=0.126) Weak negatilnnate relationshirg
al ., 201lcorrelatiorobserved between TO Il ow pH
Positiv Wangalet, Gl obal PearPositive relationsh Complex influences
correl a correlatiorvalue in trre Ospgsd@Y00l andscape, while tt
bet ween TO€Compldi @&t
Luo et aPath model pH significantly an Combination of soil
structural with TOC size, CEC, <clay anc
model )
Contrad de MoraeGIl obal PearChanges in the rela Tillage chronoseque
relatioal., 200correlatiorconcentration and pinfluence the soil
chronosequence original negative r
Zhang et Li meergressi Significant and pos Slope, climate, gr e
2018 value with storage reasons for the cor
soil | ayeri20exmepne
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2.6.1 Potentially toxic elements (PTES)

Reimann et al. (2018) defined the background knowledge and thresh&dEs in detall

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), nickgll@dd (Pb),
antimony (Sb), selenium (Se), tin (Sn), uranium (U), vanadium (V) and zinc (Zn). These
PTEs are inherently nelmodegradable, and excessive emissions will cause abnormal
enrichment of PTE concentrations in the environment (Wong et al.,.28i@&ugh 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 (Kabat&#endias, 2004; Hooda, 2010; Zengakt 2011). In urban
environments, especially in urban soils, humans may be exposed tfongput and
accumulated PTE through inhalation, ingestion and dermal contact (Boyd et al., 1999,
Mielke et al., 1999).Inorganic arsenic is highly toxic (Jau®003). Longterm 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, 20@13ddition, bng-term exposure of the human

body toCd may cause kidney damage, and inhalation of cadmium dust or particles may
even be lifethreatening (Seidal et al., 1993; Barbee and Prince, 19@9¢ury is a global
pollutant that affects the health of humans and ecesystThe mercury pollution in the
environment is mainlgriven by anthropogenic emissions, and it greatly exceeds natural
geaenic sources (FAO and UNER021). Lead is the most frequently reported soil
pollutantover the world, and thexposure to Pb paltion 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 attentiod anaemia (Bellinger, 2004; Counter
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et al., 2008; Zahran et al., 2009Joreover the increas®f Pb concentratiomn urban
environment is closely related to the increase in the crime rate (Mielke and Zahran, 2012).
Long-term exposure to Zn can affexttolesterol balance and fertili¢Zhang et al., 2012),
andCu, Ni and Cr above the background valcan also have adverse effects on the human
body (USEPA, 2000)Therefore,identification of the spatial patterns dPTEs and
assessent on theiecological and health riskes become one of the most impotttask

in the current environmental research many developed and developing countries
(Rodriguez et al., 2007

2.6.2 Sources and background of PTEs 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 lewetnils and plantswhile the
concentratns 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 concergrat®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) Thereare many sources of diffusion for PTE pollution (Nriagu and Pacyna, 1988).

Therefore, thguantitativeassessment of elevated PTE concentrations on the environment
and health has always been the key focus of research in environstediak, 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., 2@08raki and Kelepertzis,
2014, but also focusing more on the evaluation of elevated concentragmtsated 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 exishdelevels and

will not cause negative effects on thevironment or human heal{Alloway, 2013).

Natural factors are mainigelated togeogenic 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 relaely fixed control on a single elemenand the overall
association betweenthe 15 selectedPTEs and different lithologieare summarised in

Table 23. On the other hand,néhropogenic sources arelatedto human activities,
including industrial, waste, traffic (vehicle emissions, fagljlagricultural inputsetc(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 concentratiocsused by geogenic sources predominantly
reflected in large and continuous spatial patterns, which are usually observed at a relatively
largescale area or with less human activities (Gloaguen and Passe, 2017; Jia et al., 2020;
Xu et al., 2021). On theontrary, anthropogenic pollutionnsainly characterised by points

and scatteredoatterns on the spatial distribution maps of PTE concentrations, which is
usually observed around urban areas with intensive industrial activities, mining and traffic
emisson (Zhang, 2006; Marchant et al., 2011; Delbecque and Verdoodt, 2016).

30



Table 2.3: Summary of the existing literatures on concentrations for selected PTEs in different bedrocks and geological features

El em¢Hi gcloncentr Low concentratiorReference

As Greywacke (Basalt, quartziteSmedley and Kinniburgh, 2002;
mudstone, ¢ al ., 2017

B a Carbonate, Limestone, mafic Rei manm®0®dt7;alRe, mann et al .,

Bi Granite, stSandstone Rei mann et al ., 2014

Co Greenstone,Li mestone, sandstFarmer, 2014; Mcl |l waine et al

Cr Basal't |l i mestone, granitFarmer, 2014; Mcl | waaiente ealt. ,al

Cu Basalt, she¢éGranite, organic Wedepohl, 1978; Rei mann et al

Mn Basal't Granite, quartzitReimann et al., 2007; Reimann

Mo Granite, grBasalt Mcl | waine et al ., 2017; Rei ma
(shale), s«

Ni Basalt, shiéGranite, |imestorFarmer, 2014; Reimann et al .,

al ., 2018

Pb Granite, peBasalt, | imestoneMcl | waine Reeti malnn e2t0ladl;., 201

Sb Coal, peat Basalt, sandstoneRei mann et al ., 2014; Mcl | wai

Sn Granite, peBasalt, |l i mestoneRei mann et al ., 201 4; Mcl | wai

U Granite, stBasalt, sandstoneAl |l owaly, McXKli3anl ey et al ., 201

\Y Basalt, shéiélLi mestone Barsby et al., 2012; Reimann

Zn Al l uvi um, IGranite Rei mann et al ., 2014; Mcl | wai
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At present, based on largeale regional survey, the backgrowaduesand thresholslof

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, &0d Europe
(Carlon et al., 2007; Reimann et al., 2018), etc. The threshold (or baselieiined as

the conservative concentration of PTE in the soil (Reimann et al., 2018), which indicates
that no adverse effects on the environment and humans ardeskpeoccur below this
concentration. In contrast, the PTE concentration exceeds the soil background and
threshold values are likely to cause advargeactson the environment and human body,
especiallythrough plants and crofs the agricultural soil Reimann et al., 2014b).

Table 2.4: Thresholds and guideline values for

El em Threshold yLower guideliHigher guidel

(mg/ kg) (mg/ kg) (mg/ kg)

As 5 50 100
Cd 1 10 20
Co 20 100 250
Cr 100 200 300
Cu 100 150 20
Hg 0.5 2 5

N i 50 100 150
Pb 60 200 750
Sb 2 10 50
\Y; 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 bymultiple controk that combinedboth natural and anthropogenic factors, and
32
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thus it is difficult to distinguish th@otentialsources of PT&in the soil. The spatial
distribution patterns of PT&can usuallybe related tdhe source of enrichment, thereby
revealing the spatial association with pollution sources from the locgmive. Looking

back in history, it is a common way to applassicalstatistics 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 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 distributiatigens, 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 tleeivbd components (factors) scores (Rodduez

et al., 2006, Ldez 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 elemet, and describe the complex relationship and influencing factors of
PTE in soil more precisely than univariate
with the development of GIS platforms, advanced spatial analysis and SML technologies
can beeasily performed on identification of the hidden patterns ofdarie reveal the
spatial association with pollution sources (Fotheringham and Rogerson, 2013; Hou et al.,
2017). The GIS and GiBased spatial techniques have been proven as promisingaools f
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 betweenPb 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 potentiatépturethe role of spatial correlatis (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 elemeams environmental variables
(Brunsdon et al., 1996; Fotheringham et al., 2002), and has been apm#igd onthe
pollution assessment and source appointmemTdis(e.g.,Fei et al., 2019Liu et al.,
2020).

Lead isconsidered to be one of the most comnhamancontrolledPTEsin the soils.
Previous studies have widely reported the abnormally @éwaincentrations 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).akidition, 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; Novk et al., 2008 relationship
between B andotherreferenceslements (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 ¢i¥stish and Barry, 1957)

This relationshiphas been used to distinguish the natural and anthropogenic sources
(Shotyk et al., 2002; Sezgin et al., 2003; Le Roux et al., 2004). Howeesasriginal
positive correlation may be interfered maskedoy external influences. Thereforéhe
varying relationships (i.e., negative correlation) or weakened relation$tapsxplored

by GWR and GWPCCan provide an effective way to indicate the spatial association with
potential pollution sources. For example, Yuan et al. (2020) applied @Wientify 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 datheepatterns of spatially

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

The literature review summargé¢he development and application$ GIS-based spatial
analysis in the big data era of environmental geochemistry, as well as the opportunities and
challengesfor environmental data mining. In addition, this chapter also specifically
discussd the applicatios of GIS-basedspatial analys on the distributionpatternsand
spatially varying relationshipsf TOC and PTEs, which aied to identify the potential

influences from natural and anthropogenic factors.

Overall, the past literature indicated that GIS and-kdSed spatial techniqué$) provide

a promising and efficient way for processing environmental geochemical data sets; (2) can
be used to reveal the spatiadlationshig and hidden spatial associations between
geochemical variables; (3) can be used to identify and visualisgdti@l 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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Materials and methodologies
31St udyamadesacal es

In order to demonstrate theexplomtion of GIS-based spatial analysis for different
environmental geochemical data sets, three {acgée regional data sets were studied in
different research areas, including GEMAS project data in European agriculiyrahdo

Tellus survey data in Northern lamd and theepublic oflreland, 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 deaefers 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 refevdderaesearch area

(i.e., European continent, Northern Ireland and Republic of Irelahah requiredarge
amount of sampling works from geochemical survéyis.worth noting that the choice of
research scale needs to be carefully considered based on the availabliitysefts, and

the scales used for different spatial analysis techniquematiee sameThere is no actual
limitation on the big datasets in the advanced spatial analysis techr@prerally, for
low-densityand largescale samplingurvey(e.g., GEMAS, larger scalas applicable

While smaller scales more suitable for discovering interesting spatial patterntisin a

low-densitydataset

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 occugiéth ohds total
landmass. The European continent is surrounded by the sea on threéssidesitime
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 mildginthe 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 te total area oRorthern Ireland (NI) is only 14,120 square kmwith 13,480
square krhland area and 640 square kimland water area, it is a microcosm of geology

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

from Mesoproterozoic to Paleogene, and almost all known types of rocks can be found. A
simplified bedrock geology npas displayed in Fig..3, 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 superficiatleposits (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 nortieastern part is composed of a large area of extrusive basalt, and
the northwestern area is dominated by psammites (schist). The-smgtiern terrain is a
mixture of sandstone, mudstone and limestone, while ssagtern 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 durind'thedl8arly 20

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

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

to hold Aone of the most promising undevel ope
2019). In addition, there are two main urban areas in Northretant: the Belfast

Metropolitan Area and Londonderry.
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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 ofireland is in the northvestern Europe, with a total area of 84,421%km
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 Irgland, th
study area is the northern halflofland 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. 32a (McConnell and Gately, 2006), maintpmprisesbasalt, clay granite,
greywacke shale, limestone, sandstone and schist. There are two main types of peat in the

island (Fig. 3b), including blanket peat and basin peat. The blanket peat is mostly
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concentrated in the mountains of the na#istern and western codsté 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 anekastén part
(counties Mayo, Galway, Tyrone and Down) (EPA, 20095tk et al., 2012). In addition,
there are three major urban areas, including Galway in the west, Dublin in the east and

Belfast in the nortleastern areas.

Basalt
I ciay
- Granite

Greywacke shale

Blanket peat
Basin peat
I Urban areas

Limestone

Sandstone

] 25 50

£ A 3
Kilgmeters < 7L

Figure 3.2: Maps showing background of study area: a) simplified bedrock map (original
1:500,000shapefile from GSI, 2006); b) spatial distribution of locations for peatland and urban
areas.

32So01i | sampling and anal yses

3.2.1 GEMAS project data

GEochemical Mapping of Agricultural Soil (GEMAS$ 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 2009ptalt of 2,108 agricultural and 2,024

grazing land soil samples were collected, covering 33 European countries and
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5. 6 mi 3(Reimamm etlalm2014a). The sampling locations are presented inJFig. 3

Soil samples from agricultural and grazing landenaken at depths of20and®1 0 ¢ m,
respectively (ECHA, 2012). The sample density was 1 site per 2,500 squarEdah

sample was taken as composite samples from fivesise®, with an average weight of
approxi mately 3. 0 k gandAduipmestcespecialy thegads usedy ma
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 M&009. The soil samples were -diied and sieved
through a nylon sieve of 2 mm pore size, a
aliquots for further study and analysis (N
for the study of spatial relatnship between TOC and pH, the soil pH value was determined

at NGU | aboratory by sselasenextractive usingpHmeté&dls 01 M
(Fabian et al., 2014), and TOC content was determined at FUGRO Consult GmbH in
Germany (now KIWA Control GmbH|jReimann et al., 2011). In order to remove any
inorganic carbon, 1 g sample was treated with hydrochloric acid () rmodl left to stand

at room temperature for 4 hours. Then, the sample was dried in an oven at 70C for 16
hours. Then, 1000 mg per sapie 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 natiorkgdvel 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 Irgl@siNl) in
Republic ofireland and NI, respectively. During 2004 and 2019, a total of 17,867 regional
topsoilsamples (surface to 20 cm depivgre collected in the northern half part, marking
more than 50% completion in geochemical surveyralbnd Eachsample was taken as
composite samples from five sshies (approx. 750 g), with sampling density is on an
average of one sample per 43%and 2 kmiin Ireland and NI, respectively. the republic
of Ireland, the sample density was increased to one &it@ gnt in the urban areas of
Galway and Dublin. All samples were collected in paper bags awldi@d initially before
further preparation process. Then, the samples were sieved through a 2 mm pore size nylon
mesh, while repetition was prepared by shalkphitting of each duplicate sample. After
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sample preparation, thgeochemicalcompositionwas analysed in the laboratory by

Inductively Coupled Plasma@P-OESFMS) method following aqua regia digestion and

Materials and medtologies

X-ray fluorescence (XRF) analysis under a seriesriat sfuality controlsSpecific 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 hidderakpatterns for 15 PTEs

in the topsoil of NI was 6,862 regional topsoil samples which collected between 2004 and
2006 (Fig. 34). For the study of the spatially varying relationships between Pb and Al in

northern halbf Ireland, the total number of sameplwas 17,798 (69 samples with missing

values were excluded) (Fig.53.
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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 topso#amples in the northern part
of the island of Ireland.

33Dat a anal ysi s

3.3.1 Descriptive statistics

3.3.1.1Representatively 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 nuingzenpes,
minimum, maximum, percentile (i.e., 25%, 75%, 95%), mesaimedian value, standard

62



Materials and methodologies

deviation (SD), coefficient of variatiofCV) and detection limit (DL), etc. Summarising

the descriptive parameters of the studied variables provides a waydéostamd 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 (extremgh values). These outliers will
interfere the results of spatial analysis and statjsdied should be carefully treated prior

to the further analysis.

3.3.1.2Probability distribution

Many multivariate analysis and spatial analysis of geochemical data are drased
assumption that the data under study follows a normal or lognormal distriddtiomever,
previous research has proposed that most elements are not normally or lognormally
distributed under natural conditions (e.g., Zhang and Selinus, 1998; Reiamahn
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 analysigh as
histograms and Quanti@uantile (QQ) 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 cafy samd
effectively examine the normality of the input variable (Lin and Mudholkar, 1€80)he

other hand,he QQ plot displays the expected values of normal distribution against the
actual values for studied variables (Wilk and Gnanadesikan, 1968)e Ifalues are

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

3.3.2.1Data transformation for GEMAS data in European agricultural soil

As mentioned earlier, the spatial analysis and statistics (i.e.-Geti§ 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 signde of
Kolmogorov+Smirnov normality test (KS testp value < 0.05) also suggested the non

normal ity of raw data. Therefore, in-order to
normal i tyd of the raw dat a ,2008apanormalscordie spat i :
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 aear symmetricaistribution.

3.3.2.2Data transfomation for Tellus data in Northern Ireland

The spatial clustering patterns of 15 PTEs and soil samples were investigated by the hot
spot analysis and #heans clustering analysis in the topsoil of NI. Data without
transformation can lead to relatively ulmble results okpatialclusteing analysis. For

hot spot analysigjata 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., 2019néamK
clustering analysis, centred logtio (clr) transformation and isometric logtio (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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3.3.2.3Data transformation for Tellus data in thaeorthern half of Ireland

The spatial relationships between Pb and Al were studied by GWPCC in the topsoil of the
northern halfof Ireland. The GWPC@lso 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 i®ceduiorder to meet

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

transformation was performed on the Pb anddkcentrations

3.3.3 Spatial analysis

3.3.3.1Inverse distance weighted interpolation

Inverse distance weighted (IDWiiterpolation is a deterministic interpolation method,
which is widely used in environmental and geochemical mapgsiige simplest spatial
interpolation method (Shepard, 1964; Wackernagel, 1998). The IDW interpotation
predict values inunsampled locatianby 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, givea higher weight to pointthat areclose 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 parametaich
depends on the actual objectives of stullye powerwas chosen a2 and the searched
neighbours were between 10 to 15, which is able to create smooth surface at thé regiona

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.

3.3.3.2Hot spot analysisGetisOrd G” statistic)

Hot spot analysis is a mapping tetfue that can reveal spatial clusters based on the
distance between samplasdcan identify locations with statistically significant high and

low values in a certain geographic area based oalailated 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 dalee set.

hotspotanalysissased on Tobler's First Law of Geograp
is related to everything el se, but near thing
1970). This first law is the foundation of the fundamental concepts of spatial dependence

and spatial autocorrelation.

GetisOrd G’ statistic (local G statistic) is a measure of spatial autocorrelation from a
local perspective (Ord and Getis, 1995), which belongm#®of the methods dihe hot

spot analysis. The localGstatistic returns the-gcores angb-values by calculating the
local sum for the values of each feature and its corresponding neighbours. Ascigte z
and a smalp-value for a feature indicate a significant hotspot (higlue cluster). On the
same preiise, a low negative-gcore and a smati-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 tobélgan
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 ofCBet(Si*
statistic are given below (Getis and Ord, 1992):
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wherei is the centre of the local neighbourhoatlis the value of theariable in the sample
at locationj;] f is the spatial weight between sample locatibrasd j; n is the total

number of samples.

The following equation calculates the mean value of the whole data set:

and the standard deviation of the whole data set is calculated by the following equation:

In this studyGetisOrd 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 PTE®ncentration in the topsoil of NThe 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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3.3.3.3Geographically 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 motiehssOcdinary

Least Square (OLS), and is used to reveal spatial relationships between the dependent and
independent variab{s) from the local perspective (Fotheringham et al., 2001). The GWR
can generate a set of regression coefficients at the local tleaelreveal 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 regressimdel assumes thgudied
relationship is linear and spatially constant over the space, and thus the estimated
parametersi.e., regression coefficientsg@main the same in the whole study area (Tu and
Xia, 2008).These conventional techniques should be regarded as global stadstite
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, whichesrgnored

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

where® is the \alue of the dependent variable (TOC) atithication,® is the value of
independent variable (pH) at tfif@ location] is the intercept on the-gxis,f is the
regression coefficient that is estimated for the independent variable (pH) at locatidn

- is the error term.
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Based orfrotheringham et al. (2002), the GWR model can estimate local coefficients rather
than global ones by adding tigeographical location in the function, which is expressed

as:

w ! “hh o - od

where * F) represent the coordinates for sampleationi,] * R is the intercept for
locationi, and’  * R is the local regression coefficient for the independent variable (pH)

at locationi.

In contrast with the ordinary regression model, the local regression coefficients in GWR
can ke estimated by using a weighted function (Fotheringham et al., 2002), as expressed
by the following equation:

r* Ao o do' o o

where X is the matix formed by the values of the independent variableY is the
corresponding matrix generated by the values of the dependent variable hy
represents the weight matrix chosen to ensure that observations closer to the specific

location * ) have greater influence on the final result.

There are two important parametarisenimplementation of GWR model, including the

kernel function and bandwidth. The adaptive kerngipe was selected as the weight
function because it can reduce the OOborder
coastal or country border areas (Zhang et al., 2011), which is suitable for the study area

(i.e., Europan continent). There are two typeshaindwidthan 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
usingthe AIC function, which is effective in finding
GWR model (Fotheringham et al., 2002). Regarding technical details, there is no consensus
on the choice of the Obestd bandwiedtura and
(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 regressfficients 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 dependshenspecific 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;; 128); 200; 250) were

investigatedn this study

3.3.3.4Geographically 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 edl., 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
correlaton 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 varigibies
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than the regressiofslope)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 traditi®@C is:

wherew is the value of Al at thé" location,w is the value of Pb at tHé& location,adis
mean value of Al which is calculated By j &, wis the mean value of Pb which

calculated byB  wj &, nis the total number of samples.

The GWPCC can estimate local correlation coefficienty §t a locationi by adding

geographical wighting0 in the equation, which is expressed as (Kalogirou, 2014):

"Q0 N 0w oy

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

0 ® 0 , wis the geographically weighted mean value of Pb which

calculated by 0 W 0

The weights are calculated by adgjuare function expssed as:
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Q f
0 P 5 EREQ a8
1 I OEAOxEOA
whereQ is the distance between locatioandj, Qis the selectedhandwidth (nearest

neighbours) using adaptive kernel type function of location

As same concept with GWRandwidth is an important parameter in the GWPCC and also
other GW models, which has been extensively debated in the literaturd-éetgprand

P&z, 2007; Guo et al., 2008; Gao and Li, 2DThe details of the discussion of bandwidth
selection can be found section3.3.3.3 Also, the adaptive kernel type was chosen to
reduce the O6éborder effect d i andthehtechnisatlyu dy
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
neighbours43; 100; 150; 200; 250; 3DpWere investigatedn this study, the GWPCC was
applied to explore the spatially varying relationships and local correlations between Pb and

Al in the topsoil of thenorthern half ofreland.

3.3.4 Multivariate analysis

3.3.4.1Correlation analysis

Correlation analysis is a bivariate method used to quantitatively evaluate the strength of
the relationship between two variables (Franzese and luliano, 2019). A statistically
significant high correlation indicates that there is a strefgionshipbetwesn 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. Howevieasitheprerequisiteof

0 n o r miarlemvirogn@ental geochemical data sétsother commonly used correlation
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analysis technique is Spearman's correlation coefficient analysis, which belongs te the non
parametric statistic, and does not carry any assomgtn the distribution of the data set.

Therefore, m this study, Spearman’s correlation coefficient was used to investigate the
correlation among TOC, pH and other environmental variables in the European agricultural

soil.

3.3.4.2Principal component analysisRCA)

Principal component analysis (PCA) is one of the most popular methods in multivariate
statistical analysis, whichas become a standard approacil 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 étd¢ionships between the mullti
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 pokk (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 interpretabilityf resuts among multiple variableby selectingappropriate
rotation methods (Cheng et al., 2006), including Varimax, Promax, Oblimin and Quartimin
(Carroll, 1953; Kaiser, 1958; Hendrickson and White, 1964; Harman, 1876)s study,

PCA was performed to redeidimension for the 15 PTEs in the topsainplef NI prior

to the Kkmeans clustering analysis.

3.3.4.3K-means clustering analysis

K-means clustering analysis is a partitioning clustgalgorithm, which is adopted as the
most widely used clustelg method inML and data mining due to its simplicity and
efficiency Han and Kamber, 20061t is usually performed as the initial step of data
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analysis, which has been proved to be powerfutémturing the hidden spatial patterns in
environmental geochemistry (e.Bengio et al., 2013; LeCun et al., 2015; Zuo et al., 2017
The principle of Kmeans clustering is to partition the space kmion-overlapping clusters,
and classify each obseti@n to the nearest centre in order to minimise the withister
variance as well as maximise the betwekrster varianceHartigan, 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):

Wherelis the objective functior is thei™ cluster,¢ is the number of samples ift
cluster, distance functio S mss represents the calculation of the distance
between each sample poitand centroidz in the i cluster. The centroid? can be

calculated based on the function as below:

P .
m - W 0$)
DS P

N

The implementation of Kneans clustering algorithm can be summarised in the following
steps Zagouras et al., 20)3

(1) Randomly intializing the cluster centroig?, m, an;
(2) Calculating the distance functidd between each sample pointand centroid? in
the i cluster. The distance functid was based on the Euclidean distance in this

study.
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(3) Moving each sample point to the cluster of its nearest centraid , and update

cluster centroids from which sample points have been disjointed or reassigned.

(4) Computing the objective fution 0, as given above in formula (1). If functian
converges, the centroids do not change from the previous iterations, andniseni
clustering algorithm derives the final centroids of cluster. Otherwise, the step 2 and 3

are repeated until the oloféve functionb 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 knowledgeluding DaviesBouldin 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 apptiafe cluster number. It can provide succigEphics 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 siitar 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 wethtoclassification criteria of cluster

aralysis.

In this study, Kmeans 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 chtransformation was conducted using R project (ver. 3.56). All theakpa
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distribution maps were produced using IDW interpolation in ArcGIS (ver. 10.4). The Getis

Ord G’ statistic and GWR were also performed in ArcGIS (ver. 10.4). Principal component

analysis was conducted in SPSS (ver. 24), whiledans clustering was compiled using

&lusted package (ver . 2.10) i n Rhttpgy/crangr e ¢ t ( Mae
project.org/web/packages/cluster/clustenpdhe local correlation coefficients and their

significancdevelwer e cal cul ated using Idobl® GWRBEC Bnb56he

in http://cran.fproject.org/web/packages/Ictools/index.html

3.4 Summary

This chapter describes the background knowledge of the study area in European continent,
Northern Ireland andhe northern half ofreland. In addition, the sampling locations,
preparation and laboratory analysis for the GEMAS project and Tellus sunzeyee

also discussed. Furthermore, the detailed information about methodologies and data

analysis were provided in this chapter.
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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 northcentral Europe

using hot spot analysis based on GEMAS project data

Xu, H.F., Demetriades, A., Reimann, C., Jiméez., J.J., FilserZBang, C.S., 2019.
Identification of the ceexistence of low total organic carbon contents and low pH values
in agricultural soil in nortkcentral Europe using hot spot analysis based on GEMAS project
data. Sci. Total Environ. 678, 904.

Summary: This paper investigated the spatial patterns of TOC contents and its relationship
with pH values using hot spot analysis (G&isl G 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 showiggneralnegativerelationshipbetween
these two variables at the Europeantinentscde. High TOC contents accompanying low

pH values in the nortkastern Europe, while low TOC with high pH values in the southern
part. Moreover, -axistersceddaaminpaitdelyfoe AQCwonentscad ¢ o
low pH values in nortitentral Europeavas also identified by hot spot analysis, and th
hidden pattern showed clear association with high concentration ef(Qi@rtz) in the
coarsetextured glacial sediments in notkntral Europe. The results demonstrated that
hot spot analysis is effeg@ in highlighting the spatial patterns of TOC in European
agricultural soil and helpful to identify hiddemlationships between environmental

variables

My contribution in this paper accounted for ~80% in reviewing literatures, exploring

data andwriting manuscript.
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negative correlation between TOC contents and pH values in European agricultural soil. High TOC contents
accompanying low pH values in the north-eastern part of Europe (e.g., Fennoscandia), and low TOC with
high pH values in the southern part (e.g., Spain, Italy, Balkan countries). A special feature of co-existence
of comparatively low TOC contents and low pH values in north-central Europe was also identified on hot
and cold spot analysis maps. It has been found that these patterns are strongly related to the high concen-
tration of SiO; (quartz) in the coarse-textured glacial sediments in north-central Europe. The hot spot anal-
ysis was effective, therefore, in highlighting the spatial patterns of TOC in European agricultural soil and

helpful to identify hidden patterns.

© 2019 Elsevier B.V. All rights reserved.

1. Introduction

Global climate change currently is an important research topic
(Mathieu et al., 2015; Fang et al., 2017), as the concentration of carbon
dioxide in the atmosphere has increased continuously during the past
decades (Yu etal., 2014; O'Rourke et al., 2015). Soil is regarded the larg-
est pool of organic carbon (OC) in the terrestrial ecosystem, with total
amounts of carbon two or three times higher than that in the atmo-
sphere or terrestrial vegetation (Eswaran et al., 1993; Batjes, 1996;
Jobaggy and Jackson, 2000; Schmidt et al., 2011). Therefore, even
small changes in soil organic carbon storage can influence the atmo-
spheric CO, concentration (Johnston et al., 2004; Xu et al.,, 2011a). The
preservation and release of this large OC pool has been considered as
a vital factor in controlling atmospheric CO, concentrations (Pan et al.,
2003). This has increased interest in soil organic carbon sequestration
as a helpful way to offset carbon dioxide emissions (Lenka and
Lal, 2013). Nowadays, due to the current low OC content in agricultural
soil at the global level, they are likely to store about 5500-6000 Mt CO,-
eq-yr~ ' by 2030 (Smith et al., 2008). Moreover, a high level of total or-
ganic carbon (TOC) in agricultural soil significantly raises the nutrient
levels and improves soil structure conditions (Tiessen et al., 1994; Hati
et al., 2007). Hence, studies on TOC in agricultural soil can contribute
to the improvement of agricultural productivity as well as mitigating
global warming.

Due to the importance of soil organic carbon pools in terrestrial eco-
systems, much effort has focused on the study of TOC contents at na-
tional and regional scales. For instance, the organic carbon stock has
been investigated at the national level in some European countries, in-
cluding Belgium (Meersmans et al., 2011), Ireland (Zhang and
McGrath, 2004; Xu et al., 2011b), the United Kingdom (Bradley et al.,
2005), France (Martin et al., 2011) and Spain (Rodriguez Martin et al.,
2016). In addition, the dynamics and influencing factors of TOC contents
in soil have also been widely studied (McGrath and Zhang, 2003; Reisser
et al, 2016; Zhang et al, 2018). The influencing factors of TOC contents
include both natural and anthropogenic ones, such as land use, eleva-
tion, climate, parent materials, soil properties (e.g., pH, soil texture), cul-
tivation method, human input (e.g., fertilisers) and site management
(Jenny, 1980; Guo and Gifford, 2002; Jackson et al., 2002; Lal, 2005;
Jandl et al., 2007). Deploying some of these factors can effectively in-
crease the OC sequestration in soil, but this requires evaluating reliably
changes based on statistically sound analysis.

Hot spot analysis can investigate where the spatial features under
study are concentrated (Alessa et al., 2008). It is based on the method-
ologies of Local Moran's [ and Getis-Ord Gi* (or referred to as Gi* statis-
tic) (Braithwaite and Li, 2007). The Gi* statistic takes the values of all
neighbouring features into consideration and reports the hot and cold
spots at different statistically significance levels. Hot spot analysis has
been widely used in crime rates analysis, traffic accidents, epidemiol-
ogy, economic geography, species populations and demographics
(e.g., Barro et al., 2015; ESRI, 2016; Lu et al.,, 2017; Ansong et al.,
2018). In recent years, it has been often applied in studies of environ-
mental science (Zhang et al.,, 2012; Tran et al., 2017; Kumar et al.,
2018), spatial clusters of diseases (Wang et al., 2012; Wang et al.,
2016) and biodiversity (Di Minin et al., 2013).
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The relationship between soil TOC contents and pH values has been
reported in numerous studies (McGrath and Zhang, 2003; Reisser et al.,
2016; Zhang et al., 2018). This study attempts to employ hot spot anal-
ysis to directly reveal spatial patterns by identifying hot and cold spots
of TOC and pH at the European scale based on the GEMAS data set.
This approach should help to identify ‘hidden’ relationships and pat-
terns. TOC contents and pH values in agricultural soil samples are pre-
sented in the GEMAS atlas (Reimann et al., 2014a). TOC is also
discussed in Baritz et al. (2014) and Matschullat et al. (2018), and pH
values are presented in Fabian et al. (2014).

The objectives of this study were: (1) to study the spatial distribu-
tion patterns of TOC and pH in European agricultural soil based on
GEMAS data using hot spot analysis; (2) to identify the spatial relation-
ship between soil TOC contents and pH values at the European scale
using mapping techniques based on hot spot analysis, and (3) to explore
influencing factors of the special pattern of co-existence of low TOC con-
tents and low pH values in north-central Europe.

2. Data and methods
2.1. The GEMAS project

GEMAS (GEochemical Mapping of Agricultural Soil) was a
collaborative project between the Geochemistry Expert Group of
EuroGeoSurveys (EGS) and Eurometaux (Reimann et al., 2014b,
2014c). The GEMAS project aimed at generating consistent soil geo-
chemistry data at the continental-scale based on REACH regulation re-
quirements (EC, 2006). The GEMAS project mainly focused on
agricultural and grazing land soil, with a total of 2108 agricultural
(Ap) and 2023 grazing land (Gr) soil samples collected during 2008
and early 2009, covering 33 European countries and 5.6 million km?
(Reimann et al., 2014b, p.24). Soil samples from agricultural and grazing
land were taken at depths of 0-20 and 0-10 cm, respectively, according
to the REACH regulation specifications (ECHA, 2012). The entire project
area was covered by a 50 x 50 km grid and within each cell of 2500 km?
one sampling site of each sample type (Ap and Gr) was chosen. It was in
general decided to follow the sample density used in the Baltic Soil Sur-
vey project (Reimann et al., 2003). This was a practical design as it
allowed the collection of Ap and Gr samples evenly all over Europe
with a very different spatial distribution of agricultural and grazing
land. Thus, the field teams were free to choose where they took the
soil samples from Ap (agricultural) and Gr (grazing) land in each grid
cell (2500 km? area) (Reimann et al., 2014b, p.33). All soil sampling ma-
terials and equipment, especially the bags used for packing samples
were centrally provided to the field sampling teams (EGS, 2008).

2.2. Soil sampling

The agricultural land (arable land, Ap) soil samples were used in this
study. The samples of an average weight of approximately 3.0 kg each,
were taken as composite samples from five sub-sites from the corners
and centre of a 10 x 10 m square. Each sampling site was carefully re-
corded and replicated on-site at every 20 sites (EGS, 2008).
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There were 13 samples with missing TOC values in the GEMAS data-
base, thus the corresponding 13 pH sample values were excluded. The
total number of Ap soil samples used in this study was, thus, 2095
(Fig. 1).

2.3. Soil sample preparation and analysis

All soil samples in the GEMAS project 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 (Mackovych and
Lucivjansky, 2014). The Geological Survey of Norway (NGU) prepared
a list of random numbers for each sample set, allowing insertion of an-
alytical replicates and project standards in batches of twenty samples,
so that quality control samples could not be recognised by the analytical
laboratories.

Soil pH was determined at NGU laboratory by measurement in
0.01 M CaCl,-solution. Total organic carbon (TOC) was determined
at FUGRO Consult GmbH in Germany (now KIWA Control GmbH)
according to the ISO standard 10694 (1SO, 1995; Reimann et al.,
2011).

In order to generate harmonised and comparable data sets across
national borders, all elements and parameters were analysed in the
same laboratory and under strict quality control procedures. Reimann
et al. (2009, 2011), Birke et al. (2014) and Demetriades et al. (2014)
have already clearly described the analytical methods and quality con-
trol procedures.

2.4. Hot spot analysis

Hot spot analysis can identify locations with statistically significant
high and low values over a geographical area by aggregating sample
values that are in proximity to one another based on a calculated dis-
tance. This particular analysis groups samples when similar high (hot)
or low (cold) values are found in a cluster. In fact, hotspot analysis re-

“everything is related to everything else, but near things are more related
than distant things” (Tobler, 1970). This first law is the foundation of
the fundamental concepts of spatial dependence and spatial
autocorrelation.

In this study, the Getis-Ord Gi* statistic (Ord and Getis, 1995), which
is a measure of spatial autocorrelation from a local perspective, was
used to identify the high and low spatial clusters in the GEMAS Ap
data set for soil total organic carbon (TOC) and pH using ESRI's ArcMap
software version 10.4. This technique calculates the local sum for a fea-
ture and its neighbours, and is compared proportionally to the sum of all
features, i.e., in this case the Ap sample values of TOC and pH and the
corresponding neighbouring sample values. When the local sum is
very different from the expected local sum, and this difference is too
large to be the product of random choice, a statistically significant z-
score results. 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 dif-
ferent significant levels, so priorities can be set up based on practical sit-
uations and requirements. The equations for the calculation of Getis-
Ord Gi* statistic are given below (Getis and Ord, 1992; ESRI, 2016):

S 0% =X ] 0

N CEACED

n—1

G

where i is the centre of the local neighbourhood; ; is the value of the
variable in the sample at location j; w;; is the spatial weight between
sample locations i and j; n is the total number of samples.

The following equation calculates the mean of the whole data set:
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Fig. 1. Growing dot maps showing agricultural soil sampling locations and TOC contents and pH values in European agricultural soil: a) TOC contents; b) pH values (n = 2095).
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and the standard deviation of the whole data set is calculated by the fol-
lowing equation:

n 2
- 1% _ )2
e X)

(3)

The final Gi* statistic returned for each location is a z-score. For pos-
itive z-scores, with statistically significant positive values, the higher the
z-score the more intense is the clustering of high-values (hot spots).
Similarly, for statistically significant negative z-scores, the lower the z-
score is, the more intense is the cluster of low-values (cold spots). The
z-score indicates the statistical significance of the cluster at a specified
level. For 99%, 95% and 90% significance levels, the z-score should be be-
tween +2.58, +1.98 and +1.58, respectively. In this paper, the TOC
values were divided into seven classes based on the statistical results.

2.5. Data transformation and computer software

The GEMAS TOC and pH data were treated using different computer
software programs. In order to limit the impact of outliers and non-
normality of the raw data on spatial analysis, a normal score transfor-
mation was applied to the raw data set. The normal score transforma-
tion is regarded as an efficient tool to transform the original
distribution of a data set to a relatively standard normal distribution.
This tool ranks the data from the lowest to the highest value and
matches these ranks to equivalent ranks produced in the normal distri-
bution. Zhang et al. (2008) have discussed the effects of normal score
transformation in spatial analysis in detail. The data transformation
and descriptive statistics were calculated using SPSS (version 21.0)
and Microsoft Excel. Hot spot maps were produced with ESRI's GIS soft-
ware ArcMap (version 10.4).

3. Results and discussion
3.1. Descriptive statistics for TOC contents and pH values

It is well-known that geochemical data do not belong to the classical
Euclidean space and should be considered in their own Euclidean geom-
etry on the simplex (Aitchison, 1986; Filzmoser et al., 2009, 2010, 2014;
Egozcue and Pawlowsky-Glahn, 2011; Reimann et al., 2012). However,
the Gi* statistic is a parametric spatial statistic that depends on classical
statistical parameters (mean and standard deviation). Hence, it is neces-
sary to estimate some parametric descriptive statistics for the raw data
of TOC and pH (Table 1). The median values of TOC and pH are 1.80 and
5.77 wt%, respectively. For pH values, the median value (5.77) for the
GEMAS agricultural soil samples is very close to that (5.5) of the
FOREGS data set (De Vos et al., 2006), indicating that the majority of
European agricultural soil samples are acidic or weakly acidic. The
GEMAS data median for TOC (1.80%) is also close to the FOREGS data
set in topsoil (1.73 wt%).

The large differences among the median, 75th percentile and the
maximum value indicate the existence of potential high-value outliers
(Zhang et al., 2009). Histograms of TOC contents with the normal distri-
bution curve superimposed are shown in Fig. 2a. The raw data exhibit a
long tail towards higher TOC contents, suggesting the existence of high-

Table 1
Descriptive statistics for TOC and pH in European agricultural soil (TOC in wt#%;
n = 2095)).

Parameter Min 25% Mean Median 75% Max SD
TOC 0.40 12 255 1.80 26 46.0 3.98
pH 3.32 496 5.88 5.77 7.03 7.98 1.10

SD: standard deviation.
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value outliers. The normal score transformed data of TOC contents
display a relatively symmetrical distribution in Fig. 2b (K-S test p
value = 0.001 < 0.05). Although it does not perfectly obey the normal
distribution, it still greatly reduces the influences of outliers in original
data set. Therefore, the normal score transformed data were used for
further spatial analysis in this study.

The pH values show an overall symmetrical statistical distribution,
asdepicted by the superimposed normal distribution curve (Fig. 2c), be-
cause the logarithmic transformation was already performed on con-
centrations of H" to obtain the pH value. However, the pH histogram
shows two distinct peaks with a break point at about 6.5, indicating
the existence of two ‘populations’, and the majority of Ap soil samples
being overall acidic (<7 pH). The samples in the ‘population’ with high
PH values (e.g., 7.00-7.98) are mostly located in the Mediterranean
area (see Fig. 1), where the major soil parent materials are limestone
and marble. For consistency and to obtain a symmetrical distribution,
the pH values were also subjected to the normal score transformation
prior to spatial analysis (Fig. 2d; K-S test p value = 0.2 > 0.05).

3.2. Hot spot analysis of TOC

Hot spot analysis is an important tool in identifying spatial patterns
by pinpointing the location and clustering in the TOC data. The hot spot
identification results of TOC are affected by various factors, including the
logarithmic transformation of the raw data set. To reduce the effects of
spatial outliers, the spatial weight relationships between each feature,
and the choice of distance band are important factors (Zhang et al.,
2008). Two key factors on hot spot analysis are discussed here: data
transformation and the distance band.

3.2.1. Effects of data transformation on identification of hot and cold spots

Comparison of the spatial distribution between the raw and nor-
mal score transformed data of TOC contents is shown in Fig. 3. For the
purposes of an absolute comparison, the input parameters for both
maps were kept the same, i.e., a fixed distance band of 100 km. The
maps show great differences between the raw (Fig. 3a) and normal
score transformed data (Fig. 3b). The map of normal score trans-
formed data identifies a greater number of significant hot spots in
northern Europe, the United Kingdom and Ireland. Significant cold
spots are shown in central and southern Europe, i.e., Portugal,
Spain, south-eastern and north-central France, northern Italy, east-
ern Sicily, Hellas, Hungary, north-eastern Germany, Poland and
Ukraine (Fig. 3b). In contrast, there was no significant cold spot on
the raw data map, an expected outcome because of the strongly
right-skewed data distribution (Fig. 3a).

After data transformation, the effects of outliers (extremely high
values) on the spatial analysis of TOC contents were reduced, as they
were ‘scaled’ closer towards the majority of the data. Before data trans-
formation, the mean value of TOC contents was comparatively high due
to the existence of outliers (see Fig. 2a), and the total number of signif-
icant hot spots identified by Gi* statistics was relatively small (Fig. 3a).
Therefore, the number of TOC hot spots was less than that after data
transformation. In addition, a number of cold spots were identified on
the map (see Fig. 3b). This is because the normal score transformation
makes both high and low values evenly distributed by ranking them
in order (Zhang et al., 2008). It is, therefore, demonstrated that data
transformation is an important influencing factor in identifying spatial
distribution patterns on hot and cold spot analysis maps. Due to the
non-normality of geochemical data distributions (Reimann and
Filzmoser, 2000) and the existence of outliers, the transformed TOC
and pH data were used for hot spot analysis.

3.2.2. Effects of different distance bands on identification of hot and cold
spots

There is no widely accepted criteria to select the optimal distance
band, because this depends on the sampling density of the geochemical
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Fig. 3. Spatial distribution map of significant TOC hot and cold spots calculated using a distance band of 100 km: a) raw data; b) normal score transformed data.
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Fig. 4. Spatial distribution maps of significant TOC hot and cold spots calculated by using different distance bands: a) 20 km, b) 50 km, ¢) 75 km and d) 100 km.

When the distance band is increased to 50 km (Fig. 4b), the number
of significant hot and cold spots increases. Hot spots are clustered in
northern Europe, mainly in Fennoscandia, United Kingdom and
Ireland, while cold spots show more intensive clusters in central and
southern Europe.
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The total number of significant hot and cold spots increased enor-
mously at the distance band of 75 km, which clearly reveals the spatial
distribution patterns of TOC in European agricultural soil (Fig. 4c). Over-
all, the TOC content of agricultural soil in northern Europe is higher than
that in central and southern Europe. In Fig. 4c, the majority of significant
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