
 
 

ABSTRACT 

SHARMA, AAKRITI. Arsenic Reactivity in Soil Microsites in Relation to Matrix Composition 
(Under the direction of Dr. Dean Hesterberg). 
 

Soils regulate the fate of potentially toxic trace elements in the environment, but our 

knowledge of reaction mechanisms is limited by the multi-component complexity of these 

systems. Our overarching research goal was to gain insights on whether knowledge of soil trace-

element chemistry derived from laboratory studies on simple model systems could be translated 

to soil systems. The goal of this dissertation was to determine how the micro- and nano-scale 

complexities of soils affect binding of potentially toxic trace elements like arsenic. Research 

experiments were conducted in the context of a conceptual model – “The Reactive Microsite 

Model” – that provides a framework for integrating and statistically analyzing high-dimensional 

datasets from multiple spectroscopic and microscopic analyses of soil matrix complexity and 

trace-element speciation, and for translating an understanding of chemical processes across 

spatial scales. The specific objectives of this dissertation were to determine: (i) how multi-

element composition of soil matrices affects the accumulation and speciation of arsenic; (ii) if 

any multi-element effects on As accumulation depend on soil pedogenic environment; and (iii) if 

the geochemical effects of co-localized soil elements on accumulated As are consistent across 

spatial scales.  

To accomplish these objectives, arsenic reactivity was analyzed on non-contaminated, 

naturally coated quartz sand-grains and clay particles from diverse pedogenic environments. 

Arsenic binding mechanisms were inferred from synchrotron X-ray microprobe imaging and 

spectroscopic analyses, supplemented by scanning transmission electron microscopy (STEM) 

after reacting the soil particles with As(V). Because possible interactions between multiple co-

localized soil solids might affect binding of arsenic relative to mechanisms known from model 



 
 

systems, we also developed analytical and statistical tools for inferring how spatial co-

localization of geochemical matrix elements affected accumulation and chemical speciation of 

applied arsenate. Consistent with insights from model-system studies, our results from soil 

samples suggested that arsenate largely accumulated with Fe and Al (hydr)oxides for most 

samples, while other components containing Ti, Ca, Mn, Zn, or Cu potentially contributed. 

However, the spatial association of As-Fe inferred from its regression coefficients varied across 

pedogenic environments. Moreover, variations in As speciation were found even across micron-

scale distances as inferred from the linear combination fitting results of As K-edge microscale X-

ray absorption near edge structure (µ-XANES) from different sand grains. However, no 

correlations were found between the fits and any elements imaged within the analyzed 

microsites. Furthermore, comparison of results obtained from microscale analyses of sand grains 

and nanoscale analyses of clay particles showed that statistical relationships of co-localized 

elements on As accumulation were more pronounced on clay particles. In addition, the variations 

in statistical relationships obtained between variables analyzed for individual (nanoscale) and 

aggregate (microscale) data from the clay particles suggest that the relationships between As and 

co-localized elements are not stationary across spatial scales. These findings justify the necessity 

of conducting analyses at high spatial resolutions that are complemented by statistical and 

chemical models to understand the relationships between soil components and developing 

approaches to connect chemical information across scales.     
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1.1. Arsenic Contamination of Soils and Groundwater: A Global Issue 

Human and ecosystem health are threatened by contamination of soils and water by toxic 

trace elements like arsenic from natural or anthropogenic sources. Over 150 million people are 

routinely exposed to hazardous levels of As, either through consumption of contaminated 

drinking water or tainted food derived from rice grown in paddies irrigated with high-As 

groundwater (Brammer and Ravenscroft, 2009; Ravenscroft et al., 2009). Chronic exposure to 

elevated As concentrations can lead to cancer and other illnesses such as, keratosis, birth defects, 

neurotoxicity, and diabetes (Bolt, 2013; Meharg and Zhao, 2012; Naujokas et al., 2013). South 

and Southeast Asia (Bangladesh, Cambodia, China, India, Nepal, Pakistan, Laos, Myanmar, 

Taiwan and Vietnam) has had the most impact from release of As into groundwater and aquifers, 

and the severity of its impact can be observed in Bangladesh that experienced the largest human 

mass poisoning in the history. Although South and Southeast Asia are the most notable locations 

impacted, As contamination of groundwater is pervasive around the world (e.g., Chile, 

Argentina, Mexico, United States etc.) with levels exceeding the WHO drinking-water standard 

of 10 μg/L (WHO, 2011). 

In southern Asia, the journey of As release begins as As-bearing sulfide minerals, a by-

product of the weathering of Himalayan rocks, are deposited into aqueous environments via 

fluvial transport. Further weathering of As-bearing sulfide minerals leads to the formation of 

(Fe)(III) (oxyhydr)oxides that continue to sequester As (Nickson et al., 1998). Release of As 

typically occurs at the Fe (oxyhydr)oxide weathering stage, mainly due to reductive dissolution 

of Fe(III) and Mn (hydr)oxides in anaerobic environments (Gillispie et al., 2016; Kocar and 

Fendorf, 2012; Polizzotto et al., 2008). However, there are also other mechanisms by which As is 

potentially released (Smedley and Kinniburgh, 2013), including competitive sorption of 
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phosphate, silica, and carbonate to As binding sites on the Fe(III) (oxyhydr)oxide mineral (Gao 

et al., 2013; Goh and Lim, 2005; Saalfield and Bostick, 2010; Zeng et al., 2007; Zhu et al., 2011) 

and Fe(III) (oxyhydr)oxide complexation with organic matter (Liu et al., 2011). From a health 

perspective, As is considered more problematic when it partitions into aqueous rather than the 

solid phase. Such partitioning is controlled by the biogeochemical-hydrological processes 

occurring within soils and sediments.  

 

1.2. Arsenic Chemistry 

The environmental chemistry of arsenic is very complex because of the biogeochemical 

influence on its speciation (Smedley and Kinniburgh, 2002). The mobility and potential toxicity 

of As in the environment are controlled by the stability of solid-phase chemical species under 

prevailing geochemical conditions (Amstaetter et al., 2009; Borch et al., 2009; Fendorf et al., 

2010; Smedley and Kinniburgh, 2002). In environmental systems, As exists predominantly as 

arsenate [As(V)] and arsenite [As(III)]. Arsenate, which is less-toxic and less-mobile than 

arsenite, is thermodynamically more favorable under oxic conditions, whereas reduced 

environments favor arsenite. At circumneutral pH, the thermodynamic reduction potential of 

As(V) to As(III) lies just above that of poorly crystalline Fe(III)-hydroxide within the typical 

carbon-fueled reduction sequence in soils and aquatic systems (Borch et al., 2009; Sparks, 2003). 

Moreover, the prevalent oxidation state of As under a given geochemical condition is also 

affected by its interaction with other components that have the potential to oxidize As(III) to 

As(V) [e.g., MnO2 and Fe(III)-oxides] or reduce As(V) to As(III) [e.g., sulfides and organic 

matter] (Borch et al., 2009; Jiang et al., 2009; Manning et al., 2002; Ying et al., 2012). The 

oxidation state of arsenic will partly determine the degree of arsenic partitioning between solid 
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vs. liquid phases. While As(V) binds extensively to most soil minerals, As(III) retention is more 

dependent on specific soil chemical conditions (Fendorf et al., 2010). Primarily, As(V) binds to 

Fe- and Al- (oxyhydr)oxide mineral surfaces via ligand exchange mechanism as inner-sphere 

complexes. Surface complexes of arsenate on these minerals occur predominantly as bidentate, 

binuclear complexes (Arai et al., 2001; Manceau, 1995; Waychunas et al., 1995). However, 

As(III) binds as both inner- and outer-sphere surface complexes (Goldberg and Johnston, 2001). 

Ionic strength effects on sorption are often used to infer whether an outer-sphere or inner-sphere 

surface complex forms (Sparks, 2003). For example, increased ionic strength has been shown to 

increase mobilization of As(III) bound via outer sphere complexes to Fe(III) (oxyhydr)oxide 

minerals (Goldberg and Johnston, 2001). Similar to As(V), As(III) also forms a bidentate, 

binuclear as well as bidentate, mononuclear surface complexes (Ona-Nguema et al., 2005). 

However, surface complexes of arsenite are more labile than they are for arsenate (Tufano and 

Fendorf, 2008).      

Soil solids contain complex assemblages of minerals, non-crystalline solids, organic 

matter, and biota; and these components play a critical role in regulating the biogeochemical 

cycling of As in the environment through redox-affected adsorption-desorption and precipitation-

dissolution reactions (Borch et al., 2009; Cullen and Reimer, 1989; Das et al., 2016; Ehlert et al., 

2018; McBride, 1989). Therefore, identifying the composition of soil and the interactions 

between soil components is central to understanding the processes that control the mobility, 

toxicity, and environmental fate of arsenic. For example, interactions between Fe-oxides and 

Mn-oxides regulate the dissolved concentration of arsenic (Gillispie et al., 2016; Ying et al., 

2012). Manganese oxides are known to serve as a redox buffer due to their high reduction 

potential (Lafferty et al., 2010; Ying et al., 2011), which helps to limit the reductive dissolution 
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of Fe-oxides and thereby keeps As more immobilized in solid phases of Fe(III). Also as a 

powerful oxidizing agent, Mn-oxides help to keep Fe(III) and As(V) in its oxidized state that is 

more immobile. Likewise, the interaction between Fe and Al, for e.g., in Al-substituted goethite, 

has shown to decrease As and Fe mobility as structural Al increased (Silva et al., 2010). 

Similarly, organic carbon is known to reduce Fe(III) and As(V) and/or compete with As sorption 

and cause As to be mobilized (Grafe et al., 2001; Polizzotto et al., 2005; Wang and Mulligan, 

2006). Studies have also shown the potential of organic matter to bind As via the formation of 

ternary complexes with a metal cation forming a bridge between As and organic ligands (Mikutta 

and Kretzschmar, 2011); however, As could be released under anoxic conditions. Overall, 

considering multiple interacting redox and adsorption processes that complicate As 

biogeochemistry, the mobility of As in the environment is viewed to be largely controlled by a 

fine balance between the redox transformations of Fe(III) and Fe(II) (Borch et al., 2009). Within 

the context of As reactivity in complex geochemical systems, this dissertation tries to unravel 

how soil complexities (here referring to different soil matrix elements present as proxies for 

sorbing soil solids) affect the behavior of arsenate in soil systems. Understanding whether 

interactions between soil components serve to augment or inhibit As(V) binding will help us 

develop more accurate models for predicting As retention in soil systems.  

 

1.3. Integrated Approach to Understanding As Reaction Mechanism 

A conventional approach to understanding the retention, mobilization, and speciation of 

trace elements in geochemical systems is to determine their behavior on pure, model analogues 

that are synthesized in isolation from soil. Whereas spectroscopic analyses of these systems 

provide a means for analyzing chemical bonding mechanisms and the structure of species on 
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mineral surfaces with a high degree of specificity, they do not capture the multi-component 

complexity of soil mineral assemblages. Moreover, spectroscopic analyses produce a signal that 

is related to average, local molecular bonding environment of atoms of interest and thus create 

challenges in spectral interpretation of complex systems. Soils can host a contaminant in multiple 

chemical bonding environments and determining which types of functional groups are involved 

in contaminant binding cannot be easily deconvolved from an average spectroscopic signal. 

Therefore, as soil matrix complexity increases, the degree of specificity of chemical speciation 

analysis decreases and increases uncertainty in the analysis (Kizewski et al., 2011). 

Whereas a central premise in soil chemistry is that chemical reactions at the molecular 

scale directly influence the field-scale behavior of chemical elements, precise management of 

complex natural systems might become difficult when decisions are made based on knowledge 

derived from relatively simple systems. On the other hand, although measurement of field 

samples helps to regulate negative impacts of trace elements, the spatial heterogeneity of soil 

limits us from transferring knowledge from one site to the other. Accurate understanding of the 

biogeochemistry of any trace elements for precise land management requires comprehensive 

analyses of their behavior from multiple perspectives. Integrating different analytical techniques 

to obtain multiple perspectives of a chemical component would be one approach to increase the 

specificity of chemical speciation in environmental matrices.  

Different microscale imaging and spectroscopic techniques have allowed scientists to 

elucidate the underlying mechanisms responsible for contaminant mobility in complex 

geochemical systems. In fact, different techniques provide unique perspectives on complex 

systems that are critical in advancing our fundamental understanding of the underlying reaction 

processes. Manceau et al (2002) have shown how a combination of spatially resolved techniques 
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- µ-XRF, µ-XRD (diffraction), and µ-XAS - helped to constrain the possible chemical species of 

Ni in a multicomponent matrix. Feldmann et al (2009), Kruse et al (2015), Hettiarachchi et al 

(2017), and Hesterberg et al (2017) have discussed the significance of integrating different 

complementary techniques at multiple scales when analyzing highly heterogeneous systems like 

soils. Whereas a fundamental understanding of trace element behavior is gained at the molecular-

level, management is conducted at the field scale. The biggest challenge is to extrapolate the 

molecular-level knowledge of contaminant behavior to the field scale. The challenge of 

upscaling information from spectroscopic analyses of soil remains, in part because of ~26 orders 

of magnitude difference between the atomic-level and field scale (Hesterberg et al., 2017). 

Therefore, integrating different analytical techniques that probe samples at different spatial 

resolutions would provide insightful information to understand whether soil systems show 

stationarity across different spatial scales. Such information will provide a basis for upscaling 

information from spectroscopic analyses of soils. In this dissertation, I have integrated different 

techniques, including µ-XRF, µ-XANES, TOF-SIMS, STEM-EDX, and SAED that probe 

different spatial resolutions to determine the trend of As binding in diverse soil systems across 

spatial scales.   

 

1.4. Research Motivation and Knowledge Gap 

Soils regulate retention and mobilization of As mainly by pH- and redox-affected 

adsorption-desorption and precipitation-dissolution reactions. However, association of minerals, 

organic matter, non-crystalline inorganic solids, and biota into complex soil assemblages 

exasperates efforts to directly measure reaction mechanisms that could be used to develop better 

strategies for preventing adverse environmental impacts of arsenic. Consequently, studies aimed 
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at determining geochemical mechanisms of trace-element behavior in soils have used model 

analogues of isolated soil components, such as synthesized minerals or extracted humic 

substances (Adra et al., 2013; Brown Jr and Sturchio, 2002; Dixit and Hering, 2003; Ehlert et al., 

2018; Fritzsche et al., 2011; Grafe et al., 2001; Masue et al., 2007; Mikutta and Kretzschmar, 

2011; Raven et al., 1998; Zeng et al., 2007).  

Whereas model-system studies provide more specific insights into reaction mechanisms 

(Kizewski et al., 2011), the transferability of information from these systems to soils and other 

geochemical systems is potentially confounded by interactions between co-localized soil solids 

(Alcacio et al., 2001; Antelo et al., 2015; Davis, 1984; Du et al., 2017; Otero-Fariña et al., 2017; 

Sowers et al., 2018). For example, a typical soil matrix comprises mixtures of pedogenically 

altered aluminosilicates, (hydr)oxides, organic matter, and microbes that are predominantly 

composed of O, Si, Al, C, and Fe with associated base cations (Ca, Mg, K, Na). Soil components 

containing these elements interact with As via various adsorption and redox reactions. For 

example, (hydr)oxides of Fe, Al, and Mn adsorb As(V) (Adra et al., 2013; Brown Jr and 

Sturchio, 2002; Dixit and Hering, 2003; Fritzsche et al., 2011; Manning et al., 2002; Masue et 

al., 2007; Violante and Pigna, 2002); C(0,-IV) and S(-II) in organic matter and sulfide minerals 

can reduce As(V) (Borch et al., 2009; Fendorf and Kocar, 2009; Jiang et al., 2009); Mn(IV) can 

oxidize As(III) (Lafferty et al., 2010; Manning et al., 2002; Ying et al., 2012); and biotic or 

abiotic reduction of Fe(III) oxides can mobilize adsorbed As (Das et al., 2016; Inskeep et al., 

2001; Muehe et al., 2013; Rawson et al., 2016). It is challenging to disentangle the molecular 

mechanisms of such reactions in soil matrices because the various reacting components are 

difficult to analytically isolate using spectroscopic tools (Kizewski et al., 2011). This inability to 

measure specific trace-element reaction mechanisms directly in soils and uncertainties in 
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translating mechanisms from model systems to soils limits our understanding of the molecular 

environmental chemistry of arsenic. Therefore, new approaches that embody the natural 

complexity of a geochemical matrix and unravel the effects of interactions between multiple co-

localized soil solids on arsenic retention are needed for advancing our understanding of As 

chemistry in geochemical systems. 

Numerous studies have been conducted seeking to gain insights into reaction mechanisms 

of As in soils and other geochemical systems and for developing effective strategies for As 

immobilization. Most studies on soils have utilized microprobe imaging and spectroscopic 

techniques, such as µ-XRF and µ-XAS, to assess As association with geochemical matrix 

elements and to gain information about average As speciation within microscale volumes 

analyzed (Brown Jr and Sturchio, 2002; Foster and Kim, 2014). The analyses of µ-XRF images 

are typically limited to simple, pairwise (Pearson) correlation in trying to understand the 

relationship of As and matrix elements. Some studies focused only on the As-Fe relationship 

(Burton et al., 2014; Gamble et al., 2018; Kim et al., 2013; Serrano et al., 2015; Wovkulich et al., 

2012), and other studies have considered analyzing binary correlations between As and multiple 

elements such as Fe, Mn, S, Cu, Cr, and Zn (Fan et al., 2014; Gillispie et al., 2016; Gräfe et al., 

2008; Landrot et al., 2012; Langner et al., 2013; LeMonte et al., 2017; Mikkonen et al., 2019; 

Schwer III and McNear, 2011; Strawn et al., 2002; Voegelin et al., 2007). However, such simple 

correlation analyses do not decouple the association of other co-localized elements with As 

binding, which occurs, for example with Al and Fe in Al-substituted Fe (hydr)oxides. A more 

comprehensive analysis of As co-localization with major soil matrix elements present should 

provide insights on multiple component interactions that affect As binding. Specifically, 

discriminating relative contributions of individual matrix elements to As binding in geochemical 
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systems is important to gain insights to whether these co-localized elements serve to augment, 

inhibit, or have no effect on As retention. 

Many studies on As are conducted in samples from mine tailings, soils, or aquifer 

sediments that were inherently enriched or contaminated over a long term with As (Arai et al., 

2006; Burton et al., 2014; Gamble et al., 2018; Gillispie et al., 2016; Kocar and Fendorf, 2012; 

Langner et al., 2013; LeMonte et al., 2017; Nicholas et al., 2017; Ono et al., 2016; Polizzotto et 

al., 2005; Rahman et al., 2017; Serrano et al., 2015). Analyzing As reactivity in such 

contaminated geochemical matrices might not remove historical effects of long-term 

transformations. Studies have found that the original form or chemical constituent in 

contaminated soils could be altered as a result of aging (Arai et al., 2006; Rahman et al., 2017; 

Sekine et al., 2017). To avoid historical effects of legacy contaminants, a technique that allows 

us to directly react non-contaminated soils by applying a chemical treatment of aqueous As 

would be useful in assessing As reactivity and speciation. In fact, analyzing bound As after a 

short-term reaction will provide information that is important for understanding any long-term 

transformations. 

Furthermore, because spatial heterogeneity of soils exists at all spatial scales, it is also 

important to understand how chemical variability in soil (micro)environments affects As 

retention. The reactivity and chemical species of As varies depending on the prevailing 

biogeochemical conditions in which they are developed. For example, under oxidized 

environments, As is predominantly sorbed to Fe(oxyhydr)oxides; whereas species like 

arsenopyrite are dominant in reduced environments (Schreiber and Rimstidt, 2013). Arsenic 

reaction mechanisms inferred from analyses of soil from a specific soil environment might not be 

transferable to environments that have different soil characteristics. Comprehensive analyses of 
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different soil types are needed to develop chemical principles that can be broadly applied across 

a wide range of soils for predicting environmental impacts of As. 

Whereas an understanding of fundamental arsenic reaction mechanisms is gained at the 

molecular-level using model systems, the biggest challenge is upscaling information for practical 

management. Previous studies have analyzed how spatial resolution of the spectroscopic tools 

affect speciation results (Arai et al., 2006; Hesterberg et al., 2017; Ono et al., 2016; Toner et al., 

2014), and suggested to analyze samples at multiple scales to get a true representation of species 

diversity. However, it is also important to explore whether the trend of As reactivity as affected 

by multiple elements is stationary across spatial scales. Understanding As trends at multiple 

spatial scales would provide insights to whether there is a limitation in upscaling or downscaling 

information. Therefore, overall it is important to develop a model that addresses the multi-scale 

complexity of natural systems and can potentially unify multidisciplinary information of varying 

complexity collected at different spatial scales. 

 

1.5. Structure of Dissertation 

The chapters in this dissertation mainly evaluate the effects of co-localized geochemical 

matrix elements on accumulation and chemical speciation of arsenic. The dissertation is 

organized as follows. Chapter 1 gives an overview of previous literature in the field of study and 

discusses the motivation behind the research. Research in Chapter 2 aims to develop integrated 

tools for evaluating effects of co-localized soil matrix elements on As retention. It demonstrates 

a novel technique for directly reacting a non-contaminated soil matrix with As(V) solution and 

imaging the same area of the matrix. It also describes a novel application of established statistical 

approaches in discriminating relative contributions of individual matrix elements to As binding 
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in geochemical systems. Chapter 3 is an expansion of research presented in Chapter 2. The aim 

of the research in Chapter 3 was to analyze sand grains developed under diverse weathering 

environments and evaluate if the statistical trend found between As and Fe and Al in Chapter 2 

was consistent across soil pedogenic environments. Chapter 4 discusses whether statistical trends 

of As retention in relation to Fe, Al and other co-localized elements are consistent across 

different spatial scales. Chapter 5 provides conclusions of this dissertation. Appendices A, B, and 

C include supplementary information for Chapters 2, 3, and 4, respectively.  
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CHAPTER 2 

Determining Multi-element Effects on Arsenate Accumulation in a Geochemical Matrix 

Using µ-XRF, µ-XANES, and Spatial Statistics 
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1. INTRODUCTION 

Contamination of soils and water by toxic trace elements from natural or anthropogenic 

sources threatens human and ecosystem health. Soils regulate retention and mobilization of trace 

elements mainly by pH- and redox-affected adsorption-desorption and precipitation-dissolution 

reactions (Basta et al., 2005; Borch et al., 2009; Cullen and Reimer, 1989; Fendorf et al., 2010; 

Inskeep et al., 2001; McBride, 1989; Park et al., 2016). However, directly measuring reaction 

mechanisms that are important for preventing adverse environmental impacts of trace elements is 

confounded by the association of minerals, organic matter, non-crystalline inorganic solids, and 

biota into complex soil assemblages. Consequently, studies aimed at determining mechanisms of 

trace-element binding in soils and other geochemical systems have often used model analogues 

of isolated soil components, such as synthesized minerals or extracted humic substances (Adra et 

al., 2013; Brown Jr and Sturchio, 2002; Dixit and Hering, 2003; Ehlert et al., 2018; Fritzsche et 

al., 2011; Grafe et al., 2001; Masue et al., 2007; Mikutta and Kretzschmar, 2011; Otero-Fariña et 

al., 2017; Raven et al., 1998; Silva et al., 2010; Violante and Pigna, 2002; Zeng et al., 2007). 

The mobility and potential toxicity of trace elements in the environment are controlled by 

the stability of solid-phase chemical species under prevailing geochemical conditions (Borch et 

al., 2009; Fendorf and Kocar, 2009; Fendorf et al., 2010; Gamble et al., 2018; Hesterberg, 1998; 

McBride, 1989). Arsenic in particular is subject to redox transformations that affect its mobility 

(Amstaetter et al., 2009; Fendorf and Kocar, 2009; Fendorf et al., 2010; Gorny et al., 2015; Jiang 

et al., 2009; LeMonte et al., 2017; Smedley and Kinniburgh, 2002). Model system studies have 

established that arsenate [As(V)] adsorbs as inner-sphere surface complexes on Fe-, Al-, and 

Mn-oxides (Adra et al., 2013; Arai et al., 2001; Di Iorio et al., 2018; Dzade and De Leeuw, 2018; 

Fendorf et al., 1997; Foster et al., 2003; Ladeira et al., 2001; Manceau, 1995; Manning et al., 
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2002; Silva et al., 2010; Waychunas et al., 1995; Zhu and Elzinga, 2015). However, a typical soil 

matrix comprises mixtures of pedogenically altered aluminosilicates, (hydr)oxides, organic 

matter, and microbes that are predominantly composed of O, Si, Al, C, and Fe with associated 

base cations (Ca, Mg, K, Na), making it difficult to discriminate bonding mechanisms at the 

level of specificity determined on model systems (Kizewski et al., 2011). Therefore, it is 

important to consider how any interactions between multiple co-localized soil solids containing 

Fe, Al, Mn, C, and S affect sorption and redox reactions in soils and other geochemical systems. 

For example, (hydr)oxides of Fe, Al, and Mn adsorb As(V); both C(0,-IV) and S(-II) in organic 

matter and sulfide minerals can reduce As(V) to As(III); both Mn(IV) and Fe(III) can oxidize 

As(III); and biotic or abiotic reduction of Fe(III) (hydr)oxides can mobilize adsorbed As 

(Anderson et al., 1976; Borch et al., 2009; Cullen and Reimer, 1989; Das et al., 2016; Fritzsche 

et al., 2011; Grafe et al., 2001; Inskeep et al., 2001; Jiang et al., 2009; Manning et al., 2002; 

Mikutta and Kretzschmar, 2011; Muehe et al., 2013; Rawson et al., 2016; Violante and Pigna, 

2002).  

Research using simplified model systems has shown that interactions between multiple 

soil solids in mixtures affect binding of trace elements. For example, studies on arsenate or 

phosphate binding in binary mixtures of minerals (Antelo et al., 2015; Khare et al., 2005; Liu and 

Hesterberg, 2011; Murray and Hesterberg, 2006), minerals with organic matter (Alcacio et al., 

2001; Chen and Sparks, 2018; Davis, 1984; Hu et al., 2018; Mikutta and Kretzschmar, 2011; 

Otero-Fariña et al., 2017; Sowers et al., 2018), or minerals with microbes (Du et al., 2017; Gadd, 

2010) have suggested that non-additive interactions between these components affect oxyanion 

binding. Such multi-component interactions would confound analysis of specific matrix 
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components that are responsible for trace-element binding in complex geochemical systems like 

soils. 

 Despite the complexity of soils, microscale imaging and spectroscopy have provided 

many insights into As binding mechanisms in such geochemical systems. Synchrotron X-ray 

fluorescence microprobe (µ-XRF) imaging is one technique used to assess As association with 

geochemical matrix elements, and micro-X-ray absorption spectroscopy (µ-XAS), e.g., µ-

XANES, provides information about As speciation within microscale volumes probed by the X-

ray beam (Brown Jr and Sturchio, 2002; Burton et al., 2014; Foster and Kim, 2014; Gamble et 

al., 2018; Gräfe et al., 2008; Kim et al., 2013; Kopittke et al., 2017; Langner et al., 2013; 

LeMonte et al., 2017; Mikkonen et al., 2019; Serrano et al., 2015; Strawn et al., 2002; Voegelin 

et al., 2007; Wovkulich et al., 2012). However, micron-scale spatial resolutions only provide 

average information about element associations and molecular speciation, e.g., a 1 µm x 1 µm x 

1 µm soil volume contains on the order of 1010 atoms (Hesterberg et al., 2017). Nevertheless, 

combining multiple spatio-analytical techniques such as µ-XRF, µ-XRD (diffraction), and µ-

XAS can provide highly specific speciation information for some geochemical systems, as was 

shown by Manceau et al. (2002) for Ni(II) in iron-manganese nodules. 

Many studies have used simple, pairwise (Pearson) correlation analysis of µ-XRF images 

to show co-localization of As and multiple geochemical-matrix elements, including Fe, Mn, S, 

Cu, Cr, and Zn (Fan et al., 2014; Gillispie et al., 2016; Gräfe et al., 2008; Landrot et al., 2012; 

Langner et al., 2013; LeMonte et al., 2017; Mikkonen et al., 2019; Schwer III and McNear, 

2011; Strawn et al., 2002; Voegelin et al., 2007). However, simple correlations do not account 

for co-localization of the matrix elements themselves, which occurs, for example with Al and Fe 

in Al-substituted Fe (hydr)oxides. More advanced statistical approaches are needed to 
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discriminate relative contributions of individual matrix elements (and ideally the solids 

containing these elements) to As binding in geochemical systems. Further complicating such 

analyses, elements probed by µ-XRF imaging are often spatially autocorrelated, i.e., each 

element is correlated to itself as a function of distance from a given voxel. Such spatial 

autocorrelation is expected to increase with increasing spatial resolution of the µ-XRF beam. 

Because simple correlation analysis does not account for co-localization of elements and 

autocorrelation, applying simple correlation to spatially correlated imaging data violates the 

assumption that the data points are independent across space and can lead to unreliable 

significance tests (Beale et al., 2010). Therefore, the spatial component of such µ-XRF data 

should not be ignored, as was shown previously (Guinness et al., 2014; Terres et al., 2018).  

Our overarching research goal is to determine how interactions between multiple co-

localized soil components affect trace element reactivity. The specific objective of this research 

was to develop synchrotron µ-XRF and µ-XANES approaches for evaluating relationship of co-

localized soil matrix elements with As retention within reactive microsites. Here we define 

reactive microsites as microscale soil volumes (voxels) probed by a given analytical technique, 

analogous to "microreactors" described elsewhere (Hesterberg et al., 2011; Werner et al., 2017). 

To avoid historical effects of legacy contaminants, we present a novel technique for directly 

reacting a non-contaminated soil matrix accumulated as a thin coating on a quartz sand grain 

with aqueous arsenate and imaging the same sample area before and after the treatment. To infer 

possible multi-element effects, we applied partial correlation (Guinness et al., 2014) and spatial 

regression (Guinness, 2018b; Hoeting et al., 2006; Minasny and McBratney, 2005, 2007) 

analyses to µ-XRF imaging data to determine spatially dependent accumulation of reacted As(V) 

in relation to the multi-elemental composition of soil microsites. Partial correlation analysis 
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evaluates significant elements that are spatially associated with As accumulation independent of 

co-localized elements. Spatial regression models that accounted for autocorrelation were 

integrated into multivariate regression modeling to improve predictive models of As 

accumulation. Imaging data were augmented by µ-XANES spectroscopy to determine chemical 

speciation in hotspots and "cold spots" of lower relative As accumulation.  

 

2. MATERIALS AND METHODS 

2.1. Sand-grain Collection Preparation  

A sample was collected from the B horizon (40-50 cm depth) of a forested Wagram soil 

(Loamy, kaolinitic, thermic Arenic Kandiudults) at the Central Crops Research Station in 

Clayton, NC. Soil material was scraped from a newly exposed face of a soil pit using a glass rod 

to avoid metal contamination. The sample was transported on ice and stored in a refrigerator 

until used. Characterization data for the sampled soil profile are reported elsewhere (National 

Cooperative Soil Survey). The bulk soil sample had a pH of 5.5 and contained 1.2 ± 0.1 g kg-1 of 

total carbon and 0.1 cmol/kg of exchangeable Ca. Oxalate extractable Fe and Al in this soil were 

107 mg/kg and 188 mg/kg, respectively. A 30 g subsample was dispersed in DI water (1:10 

soil:water) by shaking on a reciprocating shaker at ambient temperature for 0.5 h at a rate of 5.7 

s-1. Sand grains collected on a polypropylene mesh with 1-mm openings was repeatedly rinsed 

with DI water to remove fine particles, then dried in an acrylic Petri dish under N2(g). All grains 

were handled with plastic forceps to avoid metal contamination. For our analyses, one quartz 

sand-grain with an ~2 mm x 1.5 mm face containing areas of thin, reddish-colored Fe-oxide 

coatings on a visibly flat surface was selected from among many grains observed under a light 

microscope (Supporting Information - SI, Fig. S1). The grain was physically fixed (without glue) 
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between two walls separated by 1.4 mm that were machined into a polypropylene sample mount 

configured for attachment to a kinematic sample holder for the Sub-micron Resolution X-ray 

(SRX) beamline (5-ID) at the National Synchrotron Light Source II (NSLS-II), Brookhaven 

National Laboratory in Upton, NY (Chen-Wiegart et al., 2016; National Synchrotron Light 

Source II, 2015). 

 

2.2. µ-X-ray Fluorescence Imaging  

Spatial distributions of chemical elements in the sand-grain coating were imaged using µ-

XRF analysis at the SRX beamline. Images were collected from the same 100 µm x 100 µm, 

reddish-colored region (ROI-100 - Fig. S1) before and after treatment with As(V).  The~1 µm x 

1 µm beam of 13.5 keV incident energy was step scanned using a 0.5 s dwell time. For data 

management, twenty-five µ-XRF elemental images of 20 µm x 20 µm sub-areas were collected 

in sequence and batch stitched into each composite image of ROI-100. However, one image was 

inadvertently omitted during data collection after As(V) treatment, giving a data set with a total 

of 38,400 voxels for the treated sample. Also, because the images collected before and after the 

As(V) treatment were vertically misaligned, the images were statistically aligned during post-

processing by shifting vertically in 0.5-µm steps until the absolute error of Ti fluorescence 

signals between the images of treated and non-treated samples was minimized (a 9.5 µm shift). 

We also collected a µ-XRF image of a 10 µm x 10 µm subregion (ROI-10a) of ROI-100 from the 

As(V)-treated sample at 12.1 eV incident energy, which was the highest energy of a 3-

dimensional (X, Y, energy) µ-XANES stack (not reported here). In ROI-10a, the Fe fluorescence 

signal was less dominant compared with signals from other imaged elements of interest (As, Ti, 

Ca, Mn, Ni, Zn, and Cu), which should increase the likelihood of detecting any effects of these 
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less dominant elements on As accumulation. For each voxel, the full fluorescence spectra from a 

multichannel analyzer were fit using the PyXRF software (Li et al., 2017) to extract element-

specific fluorescence intensities. Details can be found under the “Additional Methods” section in 

the SI. 

 Our unique sampling approach provided a means to image the effects of a chemical 

treatment on a thin layer of soil matrix while avoiding the use of chemical resins. Haephaestus-

software (Ravel and Newville, 2005) calculations indicated that the 13.5 keV incident X-ray 

beam is attenuated by 95% after passing through 1 mm of the quartz core of the sand grain, so 

only the front-surface coating was imaged. Effectively, the grain coating is a natural thin section, 

but it likely has microscale thickness variations across the imaged area.  

 

2.3. Arsenic(V) Treatment 

After imaging ROI-100 of the non-treated sand grain, the kinematic sample holder was 

removed from the sample stage to treat the sand grain with As(V) solution under ambient 

conditions. The mounted grain was first covered with a 150-µL drop of deionized water for 30 

minutes to hydrate, then the excess water was carefully removed by capillarity by touching the 

side of the drop with a Kimwipe® without touching the imaged surface. The moist grain was 

then treated with a 150 µL drop of 0.1 mM KH2AsO4 in a 0.1 mM KCl background solution, 

which was pre-adjusted to pH 5.0. Preliminary experiments showed that this As concentration 

gave contrasting fluorescence signals across such grains. After equilibrating for 35 minutes, the 

As(V)-treatment solution and four subsequent 150-µL rinses with DI water were recovered with 

the pipetter and combined for analysis of any dissolved or weakly bound As using inductively 

couple plasma – optical emission spectrometry (ICP-OES). Based on a dissolved As 
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concentration of 3.6 µM in this collected subsample and a total volume of 600 µL of aqueous 

As(V) plus rinsate solutions applied, the total As accumulated on the sand grain was determined 

based on loss from solution to be 0.0128 µmol or 86% of applied As(V). The sand grain was 

dried in an N2-gas purged glovebox chamber maintained for 1 h under a weak vacuum of -20 

kPa, which was applied incrementally to avoid boiling. The kinematic holder with the dried grain 

was re-mounted on the beamline stage, and re-aligned by coarse mapping a small area around an 

Fe hotspot before collecting a post-treatment µ-XRF image across ROI-100.    

 

2.4. µ-XANES Spectroscopy and Linear Combination Fitting  

Arsenic K-edge µ-XANES spectra were collected from the As(V)-treated sand grain 

using the NSLS-II X-ray Fluorescence Microprobe (XFM) beamline, with an ~2 µm x 2 µm 

spot-size. The Si(111) monochromator was calibrated to 11875 eV at the white line peak of 

As(V) imaged in a micron-sized inclusion in a topaz crystal. The SI gives details of the data 

collection and analysis methods summarized here. 

Spectra were collected at each of six locations (spectra 1L - 6L) across a 200 µm x 200 

µm region (ROI-200) that included ROI-100 from the SRX beamline (Fig. S2). The spectrum for 

location 6L represents an average of 25 spectra collected across a 10 µm x 10 µm area within 

ROI-200. Also, 25 individual spectra were separately collected from a separate 10 µm x 10 µm 

subregion (ROI-10b) within ROI-200 (Fig. S3), which showed a concentration gradient of 

elements, particularly As and Fe. All µ-XANES spectra were collected between 11767 and 

12117 eV, with a minimum step size of 0.5 eV across the edge region and 10-s dwell times.  

The µ-XANES spectra were analyzed using the Athena software (Ravel and Newville, 

2005) and established procedures (Kelly et al., 2008). The spectra were baseline subtracted using 
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a linear function between -100 and -30 eV relative to the 1st-derivative maximum (E0), 

normalized using a linear function between 40 and 240 eV, and flattened to remove quadrature. 

Linear combination fitting (LCF) analyses of µ-XANES spectra were performed across an 

energy range of -10 to 25 eV relative to E0. Fitting standards that were considered to be 

representative model analogues of possible species found in soils included spectra from ten 

adsorbed As(V) or As(III) standards that were collected previously at unfocused beamlines X-

11A, X11B, or X18B (Lopez et al., 2018), and µ-XANES spectra from scorodite and an 

arsenate-ferrihydrite coprecipitate collected during our beamtime at the XFM beamline (SI Table 

S1; Fig. S4). Spectra from the unfocused beamlines were calibrated by simultaneously collecting 

data from an As(0) powder reference (E0 = 11867 eV) or a Au foil (E0 = 11919 eV). Reported 

fits were obtained using a modification of the standard-elimination approach (Manceau et al., 

2012), with combinatoric fitting (Kelly et al., 2008) done as a consistency check for fits to 

spectra 1L - 6L (details in the SI).  

 

2.4.1. Geochemical-based combining of As µ-XANES Spectra 

For LCF analysis of the 25 µ-XANES spectra from ROI-10b, we used a unique approach 

of grouping µ-XANES spectra according to microsite chemistry. Because As was largely 

correlated with Fe accumulation across ROI-100 (discussed below) and As(V) is known to have 

a high affinity for Fe(III)-(hydr)oxides, we assumed that As speciation within our soil microsites 

would vary with Fe content. Therefore, As spectra were grouped into four quartiles based on Fe 

fluorescence signals intensities: “high Fe” (75-100% of the maximum signal), “medium high Fe” 

(50-75% of maximum), “medium low Fe” (25-50% of maximum), and “low Fe” (0-25% of 

maximum) – see Fig. S3. The six or seven non-normalized As µ-XANES spectra from voxels 
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fitting into each Fe quartile were merged to effectively yield a signal-weighted average of 

diminished spectral noise, then normalized as described above. The modified standard 

elimination procedure described in the SI showed that these four merged spectra could all be fit 

with combinations of our arsenate-ferrihydrite coprecipitate and a standard of As(V) adsorbed on 

boehmite. These two standards were then used to fit the 25 individual spectra. 

 

2.5. TOF-SIMS Analysis  

Spatial distributions of Al and Fe were analyzed on the As(V)-treated sand-grain using 

TOF-SIMS (TOF SIMS V instrument, ION TOF, Inc. Chestnut Ridge, NY), with a pixel size of 

0.39 µm x 0.39 µm and estimated penetration depth of 3 nm. Using an optical microscope, a 100 

µm x 100 µm region that, based on physical features, was visually judged to be in the region of 

ROI-100 was selected. Surface contamination was first removed by sputtering for 20 s with the 

Bi ion beam of the TOF-SIMS instrument, then mass spectral images of Al+ and Fe+ were 

collected (NCSU-AIF, 2018). Arsenic was not detected. Data were collected as a 256 x 256 

voxel image and the acquisition time at each voxel was 60 µs.  

 

2.6. Statistical Analyses  

The µ-XRF intensity data normalized to the incoming X-ray intensity (I0) at the SRX 

beamline were transformed using a natural log to approximate a normal distribution, which is a 

criterion for conducting linear correlation and regression models. Moreover, because the natural 

geochemical matrix on the sand grain had orders-of-magnitude variations in µ-XRF signals for 

many elements across the collected images, natural log transformation augmented visualization 

of data points in statistical plots. Statistical relationships were developed between natural log-
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transformed As accumulated in ROI-100 or ROI-10a vs. soil matrix elements imaged before the 

As(V) treatment. We chose to analyze As accumulation in relation to µ-XRF signals of matrix 

elements before treatment to get more reliable information about the initial spatial distribution 

and of native soil matrix elements with which the applied As(V) reacted. We observed minor 

changes in spatial patterns of Ca, Cu, Cr, and Zn after the As(V) treatment (discussed below). 

Analyses included simple (Pearson) correlation as has been conventionally used for µ-XRF data, 

partial correlation to remove effects of other co-localized matrix elements, and multivariate 

regression modeling. These approaches were also used to evaluate µ-XANES fitting results from 

ROI-10b with respect to fluorescence signals of matrix elements imaged at the XFM beamline 

(after the As treatment).  

Four regression models were evaluated for predicting µ-XRF intensities of accumulated 

As from intensities of soil matrix elements in ROI-100 and ROI-10a: (i) a simple multiple linear 

regression model (independent error model), (ii) a spatial-likelihood linear model (spatially 

correlated error model) (Guinness, 2018b; Guinness et al., 2014; Minasny and McBratney, 2005, 

2007), (iii) a non-linear (2nd-order polynomial) regression model, and (iv) a spatial-likelihood 

non-linear model (2nd-order polynomial regression with a spatial component). All models were 

fit using R statistical software. Unlike simple (“non-spatial”) linear regression models, the 

spatial-likelihood linear and non-linear models (“spatial models”) were used to account for the 

spatial autocorrelation in the residuals (Beale et al., 2010). These residuals were assumed to 

follow a Gaussian process and a Matérn isotropic covariance function (Guinness, 2018b), which 

induces spatial correlation based on distance (Guinness, 2018b; Minasny and McBratney, 2005, 

2007). The Matérn covariance function describes the spatial covariance of a random variable 

process i.e., the covariance between measurements at two points separated by a given distance. 
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As explained in the SI, three non-negative parameters in the covariance function were variance, 

range, and smoothness (Minasny and McBratney, 2005). The spatial likelihood models were fit 

using a composite likelihood approach (Guinness, 2018b). Backward variable selection used the 

Akaike Information Criteria (AIC) (Snipes and Taylor, 2014) to parameterize linear effects of 

matrix elements, and these mean parameters were further tested for their significance at α = 0.05. 

Once the significant matrix elements that described As accumulation were selected from the 

linear spatial model, only these elements were included in non-spatial linear models (with or 

without interaction terms) and a non-linear model for predicting As fluorescence intensities. 

 

3. RESULTS  

3.1. Spatial Patterns of Soil Matrix Elements and Accumulated Arsenic  

Micro-XRF images of ROI-100 and ROI-10a on the sand grain are shown in Figs. 1 and 

2 and TOF-SIMS images of Fe+ and Al+ near ROI-100 are included in Fig. 1. Signals for As after 

treatment increased by up to an order of magnitude compared with before treatment, but 

remained more than an order of magnitude lower than the dominant Fe signals. Prior to the 

As(V) treatment, ROI-100 showed a uniform distribution of background As [µ-XRF signals ≤e22 

counts per sec (cps); where e = 2.72] and heterogeneous spatial patterns and hotspots of selected 

soil matrix elements, particularly Fe, Ti, Ca, Zn, Cu, and Cr (Fig. 1). The pattern of Si contains 

contributions from both the quartz core of the sand grain and any Si associated with minerals in 

the coating. The maximum natural log-transformed fluorescence signal for As in ROI-100 after 

treatment was e24 cps, and that for Fe was e27 cps. The spatial pattern of accumulated As was 

similar to those of Fe and Ti, and to a lesser extent Ca in ROI-100 (Fig. 1), and the As pattern 

was most similar to those of Fe, Ca, Cu, and Zn in ROI-10a (Fig. 2). TOF-SIMS images 



34 

collected in or near ROI-100 showed similar spatial patterns of Fe and Al (Fig. 1), and these 

elements were significantly correlated (r = 0.51). It is noteworthy that spatial patterns of Ca, Zn, 

Cu, and Cr showed minor, visible changes after the As(V) treatment, suggesting that the 

treatment partially mobilized these elements (Fig. S5; Fig. S6). Co-localization of matrix 

elements (e.g., Fe and Al, Fe and Ti, or Zn and Cu) within microsites illustrates the challenge of 

identifying which specific soil components containing these elements promoted, inhibited, or had 

no effect on As accumulation; which justifies our use of more advanced statistical analyses 

(partial correlation and spatial regression) of µ-XRF imaging data. 

 

3.2. Correlations of Arsenic and Soil Matrix Elements  

Consistent with visible similarities of spatial patterns, accumulated As in ROI-100 

showed the strongest simple (Pearson) correlations with Fe, Ti, and Ca (r = 0.85, 0.52, and 0.33, 

respectively - Table 1; Fig. S7). However, such pairwise correlations neglect effects of co-

localization of these matrix elements themselves on As accumulation (Guinness et al., 2014; 

Terres et al., 2018). Partial correlations in Table 1 separated these confounding effects by 

removing the effects of all other elements in each pairwise correlation (Guinness et al., 2014). 

For the most highly correlated element pairs from ROI-100, partial correlation coefficients (r’) 

decreased relative to Pearson correlation coefficients in the order As-Fe (r = 0.85, r’ = 0.77) < 

As-Ca (r = 0.33, r’ = 0.11) < As-Ti (r = 0.52, r’ = 0.05), but also increased for As-Zn (r = 0.05, r’ 

= 0.11) (Table 1). Thus, the higher Pearson correlations between As and Ca or Ti were largely 

due to their shared correlation with Fe (e.g., r = 0.58 for Fe-Ti and r = 0.31 for Fe-Ca; Fig. S7). 

Likewise, the decrease in partial correlation coefficient relative to pairwise simple correlation 

coefficient of As-Fe indicates that this relationship is also being significantly affected by other 
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co-localized elements, particularly Ti and Ca in ROI-100. Partial correlations between other 

element pairs in ROI-100 were statistically significant (α = 0.05) because of the large number of 

observations (n = 34284, Table 1). 

For ROI-10a, accumulated As was most highly correlated with Fe, Ca, Zn, and Cu; but 

partial correlations were only significant between As and Fe (r = 0.97, r’ = 0.64), and As and Ca 

(r = 0.90, r’ = 0.22) - Table 1. The non-significant partial correlation between As and Ti in ROI-

10a compared with ROI-100 is likely due to the lower Ti content in ROI-10a, as deduced by an 

order of magnitude lower maximum fluorescence signals for Ti (Figs. 1 and 2).  

 

3.3. Regression Models for Predicting Arsenic Accumulation 

Spatial regression models were developed to account for autocorrelation of µ-XRF 

signals, e.g., moving away from the peak of a hotspot of a given element (Figs. 1 and 2). Eight 

spatial and non-spatial regression models that we evaluated to predict accumulated arsenic in 

ROI-100 from imaged matrix elements are described in the SI and parameterized in Table S2. 

Spatial models gave minimal (more negative) AIC values, whereas non-spatial models 

necessarily gave greater R2 values (Table S2) and provided better in-sample predictions, as 

shown graphically in Figs. 3 and S8. 

In our linear non-spatial model (Eq. S1 in Table S2); µ-XRF signal intensities for Fe, Ti, 

Ca, Cr, Si, Cu, Zn, and Ni and were all found to be significant predictors of As signal intensities 

(R2 = 0.73). However, the corresponding spatial model showed only Fe, Ti, and Ca intensities to 

be significant (Eq. S2 in Table S2). Removing the non-significant variables leads to the 

following spatial model for predicting accumulated As in ROI-100:    
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As = 13.27 + 0.35 Fe + 0.02 Ti + 0.01 Ca + error      (AIC = -43555, R2 = 0.47)      (1).   

This model accounts for autocorrelation, the decrease in correlation of the error to itself as a 

function of distance from a given voxel (see variogram in Fig. S9). Therefore, we used a spatial 

model to provide a more robust test for selecting significant covariates (i.e., model parameters of 

µ-XRF signal intensities of matrix elements) than is obtained using a non-spatial model (Beale et 

al., 2010). The importance of this method of variable selection is described in Hoeting et al. 

(2006). Using Fe, Ti, and Ca signals as the significant covariates, we derived the following 

simplified non-spatial model for ROI-100 (Fig. 3-2), which necessarily has a higher R2:  

As = -1.27 + 0.84 Fe + 0.12 Ca + 0.04 Ti + error       (AIC = -22453, R2 = 0.72)      (2).    

We also evaluated linear non-spatial and spatial models that showed significant Fe*Ti and Fe*Ca 

interaction terms (Eqs. S5 and S6 in Table S2), and non-linear models (Eqs. S7 and S8). 

However, these models did not improve the prediction of As compared with the simple linear 

model in Eq. 2.  

For ROI-10a, both spatial (Eq. 3) and non-spatial (Eq. 4) linear models showed only Fe 

and Ca (and not Ti or other elements) as significant (α = 0.05) predictors of As accumulation.  

As = -26.49 + 1.79 Fe + 0.18 Ca + error       (AIC = -100.58, R2 = 0.93)              (3) 

As = -30.71 + 1.87 Fe + 0.28 Ca + error       (AIC = -77.01, R2 = 0.94)                (4) 

Comparable R2 values along with scatter plots of predicted vs. measured µ-XRF signals for As 

(Fig. 3; Fig. S10) showed that both models for ROI-10a gave comparable predictions. Overall, 

coefficients from our predictive non-spatial models in Eqs. 2 and 4 indicated that Ca and Ti in 

our sample were only 15% and 5%, respectively, as effective as Fe in promoting As(V) retention.   
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3.4. Spatial-dependent Soil Arsenic Speciation  

Variations in As K-edge µ-XANES spectra and LCF results from six spots across ROI-

200 (Fig. 4, Table 2) and 25 voxels within ROI-10b (Figs. 5 and 6, Table S4) indicated variations 

in soil As speciation across imaged regions of the sand-grain coating. Most of the µ-XANES 

spectra had a strong white line near 11875 eV, showing a dominance of As(V). Variations in the 

white-line intensities or broadening of the white-lines in Figs. 4a and 5 give direct evidence for 

variations in As speciation, as implied by variations shown in spectra for different As standards 

(Fig. 4b; Fig. S4). Consistent with the strong positive correlation of As and Fe (Fig. 5), the level 

of noise in the individual spectra in ROI-10b increased with decreasing relative Fe (and As) 

contents. Differences in As speciation between the six points separated by up to ~140 microns 

across ROI-200 (Fig. S2) are indicated by variations of up to 31% in proportions of five fitting 

standards (Fig. 4; Table 2). Three standards containing As(V) bonded with Fe [As(V)-

ferrihydrite coprecipitate, As(V) adsorbed on goethite, or As(V)-Fe(III)-peat complex] accounted 

for 46-77% of the µ-XANES spectral features across the six spots, and two standards of As(V) 

bonded with Al [As(V) adsorbed on boehmite or in mansfieldite] accounted for 23 – 54% of 

spectral features. It is important to note that variations in proportions of fitting standards are best 

interpreted as showing variations in relative (rather than absolute) speciation of As. For example, 

it seems unlikely that the mineral mansfieldite (AlAsO4•2H2O) formed during the 35-minute 

contact time of our As(V) treatment, but perhaps this standard has spectral features that are 

similar to one or more Al-bonded As species in the sample that are not represented by other 

fitting standards. 

Results of LCF analysis of 25 As µ-XANES spectra from within ROI-10b, which were 

constrained to two standards, showed means of 67 ± 14% (CV = 21%) of an As(V)-ferrihydrite 
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(co-ppt) standard and 33 ± 14% (CV = 42%) of a standard of As(V) adsorbed on boehmite (Fig. 

6, Table S4). Visible patterns of LCF fits with the As(V)-ferrihydrite (co-ppt) standard most 

closely matched that of Ca and Zn across ROI-10b. However, we found no significant partial 

correlation between the µ-XANES fitting results and any given elements imaged in ROI-10b. 

Also, a non-spatial regression model could not predict variations in fitting results from µ-XRF 

signals of imaged matrix elements, as indicated by an R2 value of 0.26. 

 

4. DISCUSSION 

4.1. Discriminating Multiple-Element Contributions to Arsenic Accumulation 

Upon entering a soil,  As can be immobilized in the short-term via adsorption, redox, or 

(co-)precipitation reactions that can produce multiple solid-phase species involving multiple 

matrix components; these initial species can transform into other, presumably more stable 

species over time (Arai et al., 2006; Rahman et al., 2017). Our approach of using µ-XRF to 

image the same area of a natural soil-matrix coating on a single sand grain before and after 

treatment with an As(V) solution provides information on short-term reactions, which are 

important for understanding any long-term transformations. Our results indicate that both partial-

correlation and spatial-regression analyses provide more insights than simple Pearson 

correlations on spatial co-localization of As with each of multiple soil matrix elements. These 

more advanced statistical analyses of µ-XRF data effectively de-coupled correlations between 

co-localized matrix elements within soil microsites, and thereby provided a more robust 

statistical analysis showing that Fe along with Ca, Ti, and Zn to a lesser extent were most highly 

correlated with As accumulation, depending on the sample area analyzed (Table 1; Eqns. 1-4). 

More specifically, the strongest Pearson correlations shown in Table 1 for ROI-100 were As-Fe 
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(r = 0.85), As-Ti (r = 0.52), As-Ca (r = 0.33), As-Mn (r = -0.11), and As-Cr (r = 0.11). However, 

partial correlation coefficients were greater than 0.1 only for As-Fe (r' = 0.77), As-Ca (r' = 0.11) 

and As-Zn (r' = 0.11). The difference between Pearson and partial correlations is even greater for 

ROI-10a, which had fewer observations. Whereas all nine matrix elements analyzed showed a 

significant positive Pearson correlation with As with coefficient >0.2, partial correlations showed 

only As-Fe (r' = 0.64) and As-Ca (r' = 0.22) to be significant at α = 0.05 (Table 1). The greater 

distinction between more and less highly correlated elements provided by partial correlation 

analysis leads to more insightful inferences on possible solid phases or ions involved in As 

binding. For example, in the context of model-system studies showing high-affinity inner-sphere 

surface complexation of arsenate for Fe (hydroxides) (Di Iorio et al., 2018; Dzade and De 

Leeuw, 2018; Fendorf et al., 1997; Manceau, 1995; Waychunas et al., 1995), a strong As-Fe 

correlation infers (but does not definitively show) that arsenate binding by Fe (hydr)oxides is one 

mechanism of As retention in our sand-grain coating. This inference is supported by µ-XANES 

LCF results showing ≥50% of Fe-bonded standards contributing to fits in 5 of 6 spots analyzed 

across ROI-100 (Table 2) and 21 of 25 spots within ROI-10b (Table S4). However, a significant 

(r = 0.51) spatial correlation between Al and Fe from TOF-SIMS analysis (Fig. 1) and µ-XANES 

results showing that Al-bonded standards accounted for the remaining 31-64% of fits (Table 2, 

S4) indicated that Al (hydr)oxides also contributed substantially to As(V) accumulation in soil 

microsites. The significance of Al relative to Ca, Ti, and Zn in augmenting As accumulation 

could not be determined directly from our statistical analyses because we could not detect Al 

signals in our µ-XRF imaging. Although Ca was also a significant predictor of accumulated As, 

our single Ca-arsenate standard [Ca3(AsO4)2 - Table S1] was not included in µ-XANES fits for 

any of the microsites analyzed (Tables 2, S4). Similarly, we could not determine mechanisms by 
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which Ca, Ti, and Zn  in microsites enhanced As retention, although macroscale studies have 

shown greater adsorption of arsenate on Ca-saturated rather than Na-saturated soils, greater 

sorption of As on goethite in presence of Zn, and greater sorption of arsenate on clay particles 

containing Fe-Ti coprecipitates (Fordham and Norrish, 1979; Smith et al., 2002; Gräfe et al., 

2004). Furthermore, note that in this study the applied As(V) did not appear to undergo redox 

transformations, but largely remained as As(V), as inferred from the µ-XANES spectra and LCF 

results for selected regions. It is possible that other co-localized soil components such as Mn-

oxides, which serve as a redox buffer due to their high reduction potential (Lafferty et al., 2010; 

Ying et al., 2011), might have contributed in keeping As (and Fe) in its oxidized states and 

thereby enhanced As retention. In general, our results do not definitively show but help to infer 

the effects of co-localized elements on As retention.      

Our spatial regression modeling approach complemented the partial correlation analysis, 

but additionally accounted for effects of autocorrelation in the residuals of the linear model in 

determining significant predictors of µ-XRF signals for As that accumulated from the As(V) 

treatment. Spatial autocorrelation is often ignored during model selection and the importance of 

particular predictor variables may not be apparent when we do not account for such correlation 

(Hoeting et al., 2006). Therefore, spatial statistical modeling to account for autocorrelation 

effects further assessed the significant chemical elements for predicting As accumulation, and 

the effects of the size of the image analyzed (Table S2 and S3). However, a predictive model for 

As accumulation obtained by using only these statistically significant elements as predictors in a 

non-spatial model necessarily gave higher R2 (Fig. 3-2). This improvement occurs because the 

regression coefficients in this non-spatial model minimize the sum of squared errors. 
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In summary, our collective results suggest that Fe, Al, Ca, Ti, and Zn augmented As 

accumulation in the sand-grain coating analyzed. A significant pairwise correlation between Fe 

and Al (r = 0.51; α = 0.05) from TOF-SIMS analysis indicated that Fe and Al (hydr)oxides were 

at least partially co-localized within microsites. However, we cannot determine at the spatial 

scale of our µ-XRF data (~1 x 1-µm2 microsites of variable thickness) whether Fe- and Al-

bearing solids were in distinctly separated phases within microsites vs. associated into complex, 

submicron-sized assemblages, or if Al was co-precipitated by atomic-scale isomorphic 

substitution into Fe (hydr)oxide phases. Moreover, explaining possible mechanisms by which 

Ca, Ti, or Zn augmented As accumulation would require analyses that are more targeted to these 

elements e.g., µ-XAS analyses at the Ca and Ti K-edges. The statistical modeling approaches 

presented here would help to focus such studies. Finally, it is important to recognize that 

elements such as organic carbon that are not detected by a given analysis might also affect As 

accumulation, as we deduced for Al.   

 

4.2. Spatial Variation of Arsenic Speciation 

Arsenic K-edge µ-XANES analyses indicated variations in As speciation even across 

micron-scale distances. Linear-combination fitting results for six As µ-XANES spectra from As-

enriched hotspots separated by up to 140 µm showed up to 77% variation in contributions of five 

standards (Table 2). Nicholas et al. (2017) found up to 94% variation in fitting standards to As µ-

XANES data when they analyzed sample locations that had relatively uniform As signal in 

contiguous voxel. However, our fitting results for 25 µ-XANES spectra covering a 10 µm x 10 

µm (ROI-10b) area of soil matrix could be fit with <60% variations in only two standards (Fig. 



42 

6, Table S4). This limited dataset suggested that As speciation was more uniform within more 

localized (≤100 µm2) regions of our sample.  

     

4.3. Approach for Representative Speciation Analysis Based on Microsite Chemistry 

Typically ≥95% of strongly bound trace elements occur in soil solids, with ≤5% in 

aqueous solution (Hesterberg, 1998). However, minor changes in aqueous concentrations can 

have a disproportionate effect on element toxicity (Hesterberg, 1998; McBride, 1989). 

Consequently, soil regions of lower trace-element content, i.e., “coldspots” could potentially be 

important in terms of their contribution to element mobility. For example, in a water-saturated 

soil with 50% porosity with an average particle density of 2.7 g cm-3 and containing As at the 

world median content of 6 mg kg-1 solids (Sparks, 2003), mobilization of only 0.6% of the total 

soil As would contribute 100 µg As L-1 to the soil solution. This level is an order of magnitude 

greater than the World Health Organization (WHO) provisional guideline value of 10 µg L-1 of 

As in drinking water (WHO, 2011). However, collecting µ-XANES data from such cold spots is 

challenging because of the weak fluorescence signals. Often µ-XANES analyses of soils are 

focused on hotspots of trace elements because these localized concentrated regions produce a 

more intense fluorescence signal and higher quality (lower noise) spectra. But it is difficult to 

know whether trace-element speciation results from localized “hotspots” are representative of the 

overall speciation in a geochemical matrix (Toner et al., 2014), and the contribution of chemical 

species in less concentrated regions to mobilizable trace elements is often overlooked.  

To overcome the challenge of characterizing As speciation in coldspots, we developed a 

unique approach for grouping As µ-XANES spectra based on microsite chemistry deduced from 

µ-XRF analysis to obtain higher-quality spectra for selecting appropriate fitting standards. 
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Fitting of spectra from individual pixels across the imaged region, including noisy spectra from 

cold spots, can then be constrained to the selected standards. The underlying assumption of this 

approach is that arsenate reacted with geochemical microsites of similar composition will have 

similar speciation. Because our spatial statistical analyses showed that Fe was the strongest 

predictor of As accumulation (Table 1, Fig. 3), we applied this approach by grouping the 25 µ-

XANES spectra from ROI-10b according to Fe µ-XRF signals intensity (Figs. 5, 6). We 

hypothesized that the proportion of Fe-associated As species would change systematically with 

Fe content of microsites, all of which were within a 10 x 10 µm2 sample area. However, a lack of 

significant partial correlation between the proportion of As(V)-ferrihydrite and Fe fluorescence 

intensity (r' = 0.22; p = 0.43) suggested that microsite attributes other than Fe content affected 

the proportion of Fe associated As species. Microsite Al content is one likely complicating 

attribute, given that As(V)-boehmite was the complementary standard fit to this dataset (Fig. 6). 

Other possible factors include variations in Fe and Al speciation, and effects of the other 

elements, although µ-XANES speciation also showed no significant partial correlation with Ca, 

Ti, or Zn. Although our data from 25 contiguous microsites did not support the hypothesis that 

As speciation varies systematically with Fe content alone, we contend that chemical-

compositional grouping of geochemical microsites guided by partial correlation or multivariate 

spatial statistical analyses is worthy of further evaluation to improve trace element speciation in 

geochemical microsites of low contents. Ideally, these analyses would be done on larger spatial 

datasets that can be parsed according to multiple-element (Fe, Al, Ca, etc.) composition, and also 

include chemical speciation analysis of matrix elements within microsites. In general, this novel 

approach to combining µ-XANES data based on soil microsite chemistry could be potentially 
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used to better analyze As spectra in less concentrated regions that are ignored because of poor 

data quality of individual spectra. 

A key strength of this research is its novel application of established statistical 

approaches to gain better understanding of As reactivity from our microspectroscopic dataset. 

However, given the complexity of soils, there are some limitations to our approach for analyzing 

element co-localization as a proxy for reactive solids co-localization within soil microsites. Our 

data do not show which solid phases (e.g., minerals, non-crystalline solids, organic matter, or 

biota) contain the elements analyzed, as has been done elsewhere by combining µ-XRF, µ-

XANES, and µ-X-ray diffraction (Manceau et al., 2002). Thus, co-localization of As and Fe, and 

Fe and Al determined separately from µ-XRF and TOF-SIMS image analyses (Fig. 1) cannot 

resolve, for example, whether As(V) accumulates on co-localized crystalline or non-crystalline 

Fe and Al (hydr)oxides, on Al/Fe-(hydr)oxide coprecipitates, or with Fe and Al bound with 

organic matter (Adra et al., 2013; Masue et al., 2007; Mikutta and Kretzschmar, 2011; Silva et 

al., 2010; Violante and Pigna, 2002). Another challenge of our approach is dealing with 

topographical roughness of a natural sample and variations in coating thickness across the sand-

grain matrix, which are not accounted by our statistical models. However, the main advantage of 

analyzing a natural sample is that it embodies the natural complexity of a geochemical matrix, 

and our statistical approach helps to address confounding factors. Furthermore, the techniques 

and statistical approaches used here can potentially be applied to assess effects of co-localized 

elements on geochemical transformations such as As redox transformations, solubilization 

during reductive dissolution of Fe(III) (hydr)oxides, or competitive sorption in the presence of 

phosphate or organic matter.  

 



45 

5. CONCLUSIONS 

Synchrotron µ-XRF and µ-XANES analysis of a naturally coated sand grain from a non-

contaminated soil provided a means to collect and analyze element images from the same sample 

area before and after applying a chemical treatment of aqueous As(V), without interference of 

resins that are typically used to make thin sections. Partial correlation and spatial regression 

analyses of these images demonstrate an approach that infer effects of co-localized elements on 

retention of As or other elements within complex geochemical microsites. Our results from only 

one sand-grain coating suggested that Fe and Al bearing solids, probably (hydr)oxides, were 

largely responsible for As(V) accumulation. However, co-localized Ca, Ti, and Zn that were 

either associated with those solids or in separate solids appeared to augment As(V) 

accumulation. A dominance of Fe and Al (hydr)oxide standards in linear-combination fits to µ-

XANES spectra corroborated the µ-XRF (and TOF-SIMS) results. We also proposed a novel 

approach for analyzing As µ-XANES spectra, which involved grouping these spectra into 

quartiles based on Fe fluorescence intensity and merging, to test whether the proportion of Fe-

associated As species would change systematically with Fe content of microsites. However, no 

significant partial correlations were found between the proportion of As(V)-ferrihydrite and Fe 

fluorescence intensity. Nevertheless, this approach could potentially be used for improving the 

quality of µ-XANES from cold spots of a geochemical sample by using chemical information 

derived from statistical analysis of µ-XRF data (e.g., Fe describing As accumulation) as a basis 

for merging spectra from different sample locations. Analyses of cold spots can be important 

because mobilization of minor proportions (e.g., <1% of total soil As) can increase porewater As 

concentrations to above adopted water-quality standards. In essence, the statistical approaches 

applied to a soil sample in this research are transferable to spatial datasets from other techniques 
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(e.g., electron microscopy, µ-X-ray diffraction) and other geochemical matrices. Insights gained 

on any multi-component interactions in complex geochemical matrices complement the more 

specific knowledge of trace-element reaction mechanisms derived from research on model 

systems. 

  



47 

REFERENCES 

Adra A., Morin G., Ona-Nguema G., Menguy N., Maillot F., Casiot C., Bruneel O., Lebrun S., 
Juillot F. and Brest J. (2013) Arsenic scavenging by aluminum-substituted ferrihydrites in a 
circumneutral pH river impacted by acid mine drainage. Environ. Sci. Technol. 47, 12784-
12792. 

Alcacio T. E., Hesterberg D., Chou J. W., Martin J. D., Beauchemin S. and Sayers D. E. (2001) 
Molecular scale characteristics of Cu (II) bonding in goethite–humate complexes. Geochim. 
Cosmochim. Acta 65, 1355-1366. 

Amstaetter K., Borch T., Larese-Casanova P. and Kappler A. (2009) Redox transformation of 
arsenic by Fe (II)-activated goethite (α-FeOOH). Environ. Sci. Technol. 44, 102-108. 

Anderson M. A., Ferguson J. F. and Gavis J. (1976) Arsenate adsorption on amorphous 
aluminum hydroxide. J. Colloid Interface Sci. 54, 391-399. 

Antelo J., Arce F. and Fiol S. (2015) Arsenate and phosphate adsorption on ferrihydrite 
nanoparticles. Synergetic interaction with calcium ions. Chem. Geol. 410, 53-62. 

Arai Y., Elzinga E. J. and Sparks D. L. (2001) X-ray absorption spectroscopic investigation of 
arsenite and arsenate adsorption at the aluminum oxide–water interface. J. Colloid Interface 
Sci. 235, 80-88. 

Arai Y., Lanzirotti A., Sutton S., Newville M., Dyer J. and Sparks D. (2006) Spatial and 
temporal variability of arsenic solid-state speciation in historically lead arsenate 
contaminated soils. Environ. Sci. Technol. 40, 673-679. 

Basta N., Ryan J. and Chaney R. (2005) Trace element chemistry in residual-treated soil. J. 
Environ. Qual. 34, 49-63. 

Beale C. M., Lennon J. J., Yearsley J. M., Brewer M. J. and Elston D. A. (2010) Regression 
analysis of spatial data. Ecol. Lett. 13, 246-264. 

Borch T., Kretzschmar R., Kappler A., Cappellen P. V., Ginder-Vogel M., Voegelin A. and 
Campbell K. (2009) Biogeochemical redox processes and their impact on contaminant 
dynamics. Environ. Sci. Technol. 44, 15-23. 

Brown Jr G. E. and Sturchio N. C. (2002) An overview of synchrotron radiation applications to 
low temperature geochemistry and environmental science. Rev. Mineral. Geochem. 49, 1-
115. 



48 

Burton E. D., Johnston S. G. and Kocar B. D. (2014) Arsenic mobility during flooding of 
contaminated soil: the effect of microbial sulfate reduction. Environ. Sci. Technol. 48, 13660-
13667. 

Chen-Wiegart Y.-c. K., Williams G., Zhao C., Jiang H., Li L., Demkowicz M., Seita M., Short 
M., Ferry S. and Wada T., 2016. Early science commissioning results of the sub-micron 
resolution X-ray spectroscopy beamline (SRX) in the field of materials science and 
engineering, AIP Conference Proceedings. AIP Publishing, p. 030004. 

Chen C. and Sparks D. L. (2018) Fe (II)-Induced Mineral Transformation of Ferrihydrite–
Organic Matter Adsorption and Co-precipitation Complexes in the Absence and Presence of 
As (III). ACS Earth and Space Chemistry 2, 1095-1101. 

Cullen W. and Reimer K. (1989) Arsenic speciation in the environment. Chem. Rev. 89, 713–
764. 

Das S., Liu C.-C., Jean J.-S., Lee C.-C. and Yang H.-J. (2016) Effects of microbially induced 
transformations and shift in bacterial community on arsenic mobility in arsenic-rich deep 
aquifer sediments. J. Hazard. Mater. 310, 11-19. 

Davis J. A. (1984) Complexation of trace metals by adsorbed natural organic matter. Geochim. 
Cosmochim. Acta 48, 679-691. 

Di Iorio E., Cho H. G., Liu Y., Cheng Z., Angelico R. and Colombo C. (2018) Arsenate retention 
mechanisms on hematite with different morphologies evaluated using AFM, TEM 
measurements and vibrational spectroscopy. Geochim. Cosmochim. Acta 237, 155-170. 

Dixit S. and Hering J. G. (2003) Comparison of arsenic(V) and arsenic(III) sorption onto iron 
oxide minerals: implications for arsenic mobility. Environ. Sci. Technol. 37, 4182-4189. 

Du H., Lin Y., Chen W., Cai P., Rong X., Shi Z. and Huang Q. (2017) Copper adsorption on 
composites of goethite, cells of Pseudomonas putida and humic acid. Eur. J. Soil Sci. 68, 
514-523. 

Dzade N. Y. and De Leeuw N. H. (2018) Density functional theory characterization of the 
structures of H3AsO3 and H3AsO4 adsorption complexes on ferrihydrite. Environ. Sci.: 
Processes Impacts 20, 977-987. 

Ehlert K., Mikutta C., Jin Y. and Kretzschmar R. (2018) Mineralogical Controls on the 
Bioaccessibility of Arsenic in Fe (III)–As (V) Coprecipitates. Environ. Sci. Technol. 52, 616-
627. 



49 

Fan J.-X., Wang Y.-J., Liu C., Wang L.-H., Yang K., Zhou D.-M., Li W. and Sparks D. L. 
(2014) Effect of iron oxide reductive dissolution on the transformation and immobilization of 
arsenic in soils: New insights from X-ray photoelectron and X-ray absorption spectroscopy. 
J. Hazard. Mater. 279, 212-219. 

Fendorf S., Eick M. J., Grossl P. and Sparks D. L. (1997) Arsenate and chromate retention 
mechanisms on goethite. 1. Surface structure. Environ. Sci. Technol. 31, 315-320. 

Fendorf S. and Kocar B. D. (2009) Biogeochemical processes controlling the fate and transport 
of arsenic: implications for South and Southeast Asia. Advances in agronomy 104, 137-164. 

Fendorf S., Nico P. S., Kocar B. D., Masue Y. and Tufano K. J. (2010) Arsenic chemistry in 
soils and sediments, Developments in soil science. Elsevier, pp. 357-378. 

Fordham A. and Norrish K. (1979) Arsenate-73 uptake by components of several acidic soils and 
its implications for phosphate retention. Soil Res. 17, 307-316. 

Foster A. L., Brown Jr G. E. and Parks G. A. (2003) X-ray absorption fine structure study of As 
(V) and Se (IV) sorption complexes on hydrous Mn oxides. Geochim. Cosmochim. Acta 67, 
1937-1953. 

Foster A. L. and Kim C. S. (2014) Arsenic speciation in solids using X-ray absorption 
spectroscopy. Rev. Mineral. Geochem. 79, 257-369. 

Fritzsche A., Rennert T. and Totsche K. U. (2011) Arsenic strongly associates with ferrihydrite 
colloids formed in a soil effluent. Environ. Pollut. 159, 1398-1405. 

Gadd G. M. (2010) Metals, minerals and microbes: geomicrobiology and bioremediation. 
Microbiology 156, 609-643. 

Gamble A. V., Givens A. K. and Sparks D. L. (2018) Arsenic Speciation and Availability in 
Orchard Soils Historically Contaminated with Lead Arsenate. J. Environ. Qual. 47, 121-128. 

Gillispie E. C., Andujar E. and Polizzotto M. L. (2016) Chemical controls on abiotic and biotic 
release of geogenic arsenic from Pleistocene aquifer sediments to groundwater. Environ. Sci.: 
Processes Impacts 18, 1090-1103. 

Gorny J., Billon G., Lesven L., Dumoulin D., Madé B. and Noiriel C. (2015) Arsenic behavior in 
river sediments under redox gradient: a review. Sci. Total Environ. 505, 423-434. 

Grafe M., Eick M. and Grossl P. (2001) Adsorption of arsenate (V) and arsenite (III) on goethite 
in the presence and absence of dissolved organic carbon. Soil Sci. Soc. Am. J. 65, 1680-1687. 



50 

Gräfe M., Tappero R. V., Marcus M. A. and Sparks D. L. (2008) Arsenic speciation in multiple 
metal environments: II. Micro-spectroscopic investigation of a CCA contaminated soil. J. 
Colloid Interface Sci. 321, 1-20. 

Gräfe M., Nachtegaal M. and Sparks D. L. (2004) Formation of metal− arsenate precipitates at 
the goethite− water interface. Environ. Sci. Technol. 38, 6561-6570. 

Guinness J. (2018) Permutation and grouping methods for sharpening Gaussian process 
approximations. Technometrics, 1-15. 

Guinness J., Fuentes M., Hesterberg D. and Polizzotto M. (2014) Multivariate spatial modeling 
of conditional dependence in microscale soil elemental composition data. Spatial Stat. 9, 93-
108. 

Hesterberg D. (1998) Biogeochemical cycles and processes leading to changes in mobility of 
chemicals in soils. Agric., Ecosyst. Environ. 67, 121-133. 

Hesterberg D., Duff M. C., Dixon J. B. and Vepraskas M. J. (2011) X-ray microspectroscopy and 
chemical reactions in soil microsites. J. Environ. Qual. 40, 667-678. 

Hesterberg D., McNulty I. and Thieme J. (2017) Speciation of soil phosphorus assessed by 
XANES spectroscopy at different spatial scales. J. Environ. Qual. 46, 1190-1197. 

Hoeting J. A., Davis R. A., Merton A. A. and Thompson S. E. (2006) Model selection for 
geostatistical models. Ecol. Appl. 16, 87-98. 

Hu S., Lu Y., Peng L., Wang P., Zhu M., Dohnalkova A. C., Chen H., Lin Z., Dang Z. and Shi Z. 
(2018) Coupled kinetics of ferrihydrite transformation and As (V) sequestration under the 
effect of humic acids: A mechanistic and quantitative Study. Environ. Sci. Technol. 52, 
11632-11641. 

Inskeep W. P., McDermott T. R. and Fendorf S. (2001) Arsenic (V)/(lll) cycling in soils and 
natural waters: Chemical and microbiological processes. Environmental chemistry of arsenic, 
183-215. 

Jiang J., Bauer I., Paul A. and Kappler A. (2009) Arsenic redox changes by microbially and 
chemically formed semiquinone radicals and hydroquinones in a humic substance model 
quinone. Environ. Sci. Technol. 43, 3639-3645. 

Kelly S., Hesterberg D. and Ravel B. (2008) Analysis of soils and minerals using X-ray 
absorption spectroscopy. Methods of soil analysis. Part 5 387-464. 



51 

Khare N., Hesterberg D. and Martin J. D. (2005) XANES investigation of phosphate sorption in 
single and binary systems of iron and aluminum oxide minerals. Environ. Sci. Technol. 39, 
2152-2160. 

Kim C., Chi C., Miller S., Rosales R., Sugihara E., Akau J., Rytuba J. and Webb S. (2013) 
(Micro) spectroscopic analyses of particle size dependence on arsenic distribution and 
speciation in mine wastes. Environ. Sci. Technol. 47, 8164-8171. 

Kizewski F., Liu Y.-T., Morris A. and Hesterberg D. (2011) Spectroscopic approaches for 
phosphorus speciation in soils and other environmental systems. J. Environ. Qual. 40, 751-
766. 

Kopittke P. M., Wang P., Lombi E. and Donner E. (2017) Synchrotron-based X-ray approaches 
for examining toxic trace metal (loid) s in soil–plant systems. J. Environ. Qual. 46, 1175-
1189. 

Ladeira A., Ciminelli V., Duarte H., Alves M. and Ramos A. (2001) Mechanism of anion 
retention from EXAFS and density functional calculations: Arsenic (V) adsorbed on gibbsite. 
Geochim. Cosmochim. Acta 65, 1211-1217. 

Lafferty B. J., Ginder-Vogel M., Zhu M., Livi K. J. and Sparks D. L. (2010) Arsenite oxidation 
by a poorly crystalline manganese-oxide. 2. Results from X-ray absorption spectroscopy and 
X-ray diffraction. Environ. Sci. Technol. 44, 8467-8472. 

Landrot G., Tappero R., Webb S. M. and Sparks D. L. (2012) Arsenic and chromium speciation 
in an urban contaminated soil. Chemosphere 88, 1196-1201. 

Langner P., Mikutta C., Suess E., Marcus M. A. and Kretzschmar R. (2013) Spatial distribution 
and speciation of arsenic in peat studied with microfocused X-ray fluorescence spectrometry 
and X-ray absorption spectroscopy. Environ. Sci. Technol. 47, 9706-9714. 

LeMonte J. J., Stuckey J. W., Sanchez J. Z., Tappero R., Rinklebe J. r. and Sparks D. L. (2017) 
Sea level rise induced arsenic release from historically contaminated coastal soils. Environ. 
Sci. Technol. 51, 5913-5922. 

Li L., Yan H., Xu W., Yu D., Heroux A., Lee W.-K., Campbell S. I. and Chu Y. S., 2017. 
PyXRF: Python-based X-ray fluorescence analysis package, X-Ray Nanoimaging: 
Instruments and Methods III. International Society for Optics and Photonics, p. 103890U. 

Liu Y.-T. and Hesterberg D. (2011) Phosphate bonding on noncrystalline Al/Fe-hydroxide 
coprecipitates. Environ. Sci. Technol. 45, 6283-6289. 



52 

Lopez A. R., Silva S. C., Webb S. M., Hesterberg D. and Buchwalter D. B. (2018) Periphyton 
and abiotic factors influencing arsenic speciation in aquatic environments. Environ. Toxicol. 
Chem. 37, 903-913. 

Manceau A. (1995) The mechanism of anion adsorption on iron oxides: Evidence for the 
bonding of arsenate tetrahedra on free Fe (O, OH) 6 edges. Geochim. Cosmochim. Acta 59, 
3647-3653. 

Manceau A., Marcus M. A. and Grangeon S. (2012) Determination of Mn valence states in 
mixed-valent manganates by XANES spectroscopy. Am. Mineral. 97, 816-827. 

Manceau A., Marcus M. A. and Tamura N. (2002a) Quantitative speciation of heavy metals in 
soils and sediments by synchrotron X-ray techniques. Rev. Mineral. Geochem. 49, 341-428. 

Manceau A., Tamura N., Marcus M. A., MacDowell A. A., Celestre R. S., Sublett R. E., Sposito 
G. and Padmore H. A. (2002b) Deciphering Ni sequestration in soil ferromanganese nodules 
by combining X-ray fluorescence, absorption, and diffraction at micrometer scales of 
resolution. Am. Mineral. 87, 1494-1499. 

Manning B. A., Fendorf S. E., Bostick B. and Suarez D. L. (2002) Arsenic (III) oxidation and 
arsenic (V) adsorption reactions on synthetic birnessite. Environ. Sci. Technol. 36, 976-981. 

Masue Y., Loeppert R. H. and Kramer T. A. (2007) Arsenate and arsenite adsorption and 
desorption behavior on coprecipitated aluminum: iron hydroxides. Environ. Sci. Technol. 41, 
837-842. 

McBride M. (1989) Reactions controlling heavy metal solubility in soils, Advances in soil 
science. Springer, pp. 1-56. 

Mikkonen H. G., van de Graaff R., Collins R. N., Dasika R., Wallis C. J., Howard D. L. and 
Reichman S. M. (2019) Immobilisation of geogenic arsenic and vanadium in iron-rich 
sediments and iron stone deposits. Sci. Total Environ. 654, 1072-1081. 

Mikutta C. and Kretzschmar R. (2011) Spectroscopic evidence for ternary complex formation 
between arsenate and ferric iron complexes of humic substances. Environ. Sci. Technol. 45, 
9550-9557. 

Minasny B. and McBratney A. B. (2005) The Matérn function as a general model for soil 
variograms. Geoderma 128, 192-207. 

Minasny B. and McBratney A. B. (2007) Spatial prediction of soil properties using EBLUP with 
the Matérn covariance function. Geoderma 140, 324-336. 



53 

Muehe E. M., Scheer L., Daus B. and Kappler A. (2013) Fate of arsenic during microbial 
reduction of biogenic versus abiogenic As–Fe (III)–mineral coprecipitates. Environ. Sci. 
Technol. 47, 8297-8307. 

Murray G. C. and Hesterberg D. (2006) Iron and phosphate dissolution during abiotic reduction 
of ferrihydrite-boehmite mixtures. Soil Sci. Soc. Am. J. 70, 1318-1327. 

National Cooperative Soil Survey, National Cooperative Soil Survey Characterization Database. 
https://ncsslabdatamart.sc.egov.usda.gov/rptExecute.aspx?p=25542&r=1&. 

National Synchrotron Light Source II, 2015. Submicron Resolution X-ray Spectroscopy. 
<https://www.bnl.gov/ps/beamlines/beamline.php?b=SRX> 

NCSU-AIF, 2018. TOF-SIMS-general-experiment-description. https://www.aif.ncsu.edu/wp-
content/uploads/sites/25/2013/05/TOF-SIMS-general-experiment-description.pdf 

Otero-Fariña A., Fiol S., Arce F. and Antelo J. (2017) Effects of natural organic matter on the 
binding of arsenate and copper onto goethite. Chem. Geol. 459, 119-128. 

Park J. H., Han Y.-S. and Ahn J. S. (2016) Comparison of arsenic co-precipitation and 
adsorption by iron minerals and the mechanism of arsenic natural attenuation in a mine 
stream. Water Res. 106, 295-303. 

Rahman M., Clark M. W., Yee L. H., Comarmond M., Payne T. E., Kappen P. and Mokhber-
Shahin L. (2017) Arsenic solid-phase speciation and reversible binding in long-term 
contaminated soils. Chemosphere 168, 1324-1336. 

Ravel B. and Newville M. (2005) ATHENA, ARTEMIS, HEPHAESTUS: data analysis for X-
ray absorption spectroscopy using IFEFFIT. J. Synchrotron Radiat. 12, 537-541. 

Raven K. P., Jain A. and Loeppert R. H. (1998) Arsenite and arsenate adsorption on ferrihydrite: 
kinetics, equilibrium, and adsorption envelopes. Environ. Sci. Technol. 32, 344-349. 

Rawson J., Prommer H., Siade A., Carr J., Berg M., Davis J. A. and Fendorf S. (2016) Numerical 
modeling of arsenic mobility during reductive iron-mineral transformations. Environ. Sci. 
Technol. 50, 2459-2467. 

Schwer III D. R. and McNear D. H. (2011) Chromated Copper Arsenate–Treated Fence Posts in 
the Agronomic Landscape: Soil Properties Controlling Arsenic Speciation and Spatial 
Distribution. J. Environ. Qual. 40, 1172-1181. 

http://www.bnl.gov/ps/beamlines/beamline.php?b=SRX%3e
http://www.aif.ncsu.edu/wp-content/uploads/sites/25/2013/05/TOF-SIMS-general-experiment-description.pdf
http://www.aif.ncsu.edu/wp-content/uploads/sites/25/2013/05/TOF-SIMS-general-experiment-description.pdf


54 

Serrano S., Gomez-Gonzalez M. A., O’Day P. A., Laborda F., Bolea E. and Garrido F. (2015) 
Arsenic speciation in the dispersible colloidal fraction of soils from a mine-impacted creek. 
J. Hazard. Mater. 286, 30-40. 

Silva J., Mello J. W., Gasparon M., Abrahão W. A., Ciminelli V. S. and Jong T. (2010) The role 
of Al-goethites on arsenate mobility. Water Res. 44, 5684-5692. 

Smedley P. L. and Kinniburgh D. (2002) A review of the source, behaviour and distribution of 
arsenic in natural waters. Appl. Geochem. 17, 517-568. 

Smith E., Naidu R. and Alston A. (2002) Chemistry of inorganic arsenic in soils: II. Effect of 
phosphorus, sodium, and calcium on arsenic sorption. J. Environ. Qual. 31, 557-563. 

Snipes M. and Taylor D. C. (2014) Model selection and Akaike Information Criteria: An 
example from wine ratings and prices. Wine Econ. Policy 3, 3-9. 

Sowers T. D., Stuckey J. W. and Sparks D. L. (2018) The synergistic effect of calcium on 
organic carbon sequestration to ferrihydrite. Geochem. Trans. 19, 4. 

Sparks D. L. (2003) Environmental soil chemistry. Elsevier. 

Strawn D., Doner H., Zavarin M. and McHugo S. (2002) Microscale investigation into the 
geochemistry of arsenic, selenium, and iron in soil developed in pyritic shale materials. 
Geoderma 108, 237-257. 

Terres M. A., Fuentes M., Hesterberg D. and Polizzotto M. (2018) Bayesian spectral modeling 
for multivariate spatial distributions of elemental concentrations in soil. Bayesian Anal. 13, 
1-28. 

Toner B. M., Nicholas S. L. and Wasik J. K. C. (2014) Scaling up: fulfilling the promise of X-
ray microprobe for biogeochemical research. Environ. Chem. 11, 4-9. 

Violante A. and Pigna M. (2002) Competitive sorption of arsenate and phosphate on different 
clay minerals and soils. Soil Sci. Soc. Am. J. 66, 1788-1796. 

Voegelin A., Weber F.-A. and Kretzschmar R. (2007) Distribution and speciation of arsenic 
around roots in a contaminated riparian floodplain soil: Micro-XRF element mapping and 
EXAFS spectroscopy. Geochim. Cosmochim. Acta 71, 5804-5820. 

Waychunas G. A., Davis J. A. and Fuller C. C. (1995) Geometry of sorbed arsenate on 
ferrihydrite and crystalline FeOOH: Re-evaluation of EXAFS results and topological factors 
in predicting sorbate geometry, and evidence for monodentate complexes. Geochim. 
Cosmochim. Acta 59, 3655-3661. 



55 

Werner F., Mueller C. W., Thieme J., Gianoncelli A., Rivard C., Höschen C. and Prietzel J. 
(2017) Micro-scale heterogeneity of soil phosphorus depends on soil substrate and depth. 
Scientific reports 7, 3203. 

WHO, 2011. Arsenic in Drinking-water. Background document for development of WHO 
guidelines for drinking-water quality, pp. 1-24. 
https://www.who.int/water_sanitation_health/publications/arsenic/en/ 

Wovkulich K., Mailloux B. J., Bostick B. C., Dong H., Bishop M. E. and Chillrud S. N. (2012) 
Use of microfocused X-ray techniques to investigate the mobilization of arsenic by oxalic 
acid. Geochim. Cosmochim. Acta 91, 254-270. 

Xu X., Chen C., Wang P., Kretzschmar R. and Zhao F.-J. (2017) Control of arsenic mobilization 
in paddy soils by manganese and iron oxides. Environ. Pollut. 231, 37-47. 

Ying S. C., Kocar B. D., Griffis S. D. and Fendorf S. (2011) Competitive microbially and Mn 
oxide mediated redox processes controlling arsenic speciation and partitioning. Environ. Sci. 
Technol. 45, 5572-5579. 

Zeng H., Fisher B. and Giammar D. E. (2007) Individual and competitive adsorption of arsenate 
and phosphate to a high-surface-area iron oxide-based sorbent. Environ. Sci. Technol. 42, 
147-152. 

Zhu Y. and Elzinga E. J. (2015) Macroscopic and spectroscopic assessment of the cosorption of 
Fe (II) with As (III) and As (V) on Al-oxide. Environ. Sci. Technol. 49, 13369-13377. 

 

 

  

http://www.who.int/water_sanitation_health/publications/arsenic/en/


56 

FIGURES and TABLES 

  



57 

     

Figure 1. Micro-XRF images of As (before and after the As(V) treatment) and soil matrix 
elements (before treatment) collected on the SRX beamline, along with TOF-SIMS images of Fe 
and Al collected on As(V) treated sand-grains. The images were collected from ROI-100 with 
visible Fe-oxide coatings, as shown in Fig. S1. Scale bars show that brighter colors in the µ-XRF 
images represent greater natural log-transformed fluorescence signals for each element analyzed 
and in the TOF-SIMS images indicate greater ion counts. The red square in the treated As image 
indicates the location of ROI-10a, a 10 µm x 10 µm sub-region of ROI-100. 
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Figure 2. Spatial patterns of As and selected soil matrix elements collected on the SRX beamline 
from a 10 µm x 10 µm sub-region (ROI-10a) of ROI-100 of the As(V) treated sand grain. Scale 
bars show that brighter colors represent greater natural log-transformed elemental fluorescence 
signals, generally corresponding with greater relative concentrations within imaged soil volumes. 
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Figure 3. Scatter plots of predicted vs. measured natural log-transformed arsenic µ-XRF signals 
for selected spatial (1, 3) and non-spatial (2, 4) predictive models developed for ROI-100 (top) 
and ROI-10a (bottom). Plot labels correspond with equation numbers in the text, and 1:1 lines 
are plotted to compare predictions. 
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Figure 4. a) Stacked As K-edge µ-XANES spectra collected on the XFM beamline from 
individual As-enriched spots across a 200 µm x 200 µm region (ROI-200 - SI Fig. S2) of the 
sand-grain, along with overlaid fits (points) as given in Table 2; and b) arsenic standards that 
were included in best fits to sample spectra from different spots. 
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Figure 5. Twenty-five As K-edge µ-XANES spectra collected on the XFM beamline from ROI-10b and merged spectra from each 
quartile along with overlaid fits (points) as given in SI Table S4 and spectra of arsenic standards included in the final linear-
combination fits. Stacked spectra are plotted in four groups categorized according to the quartiles of Fe fluorescence signal. 
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Figure 6. Spatial patterns of selected soil matrix elements and linear combination fits (Table S4) 
with As(V) co-precipitated with ferrihydrite and As(V) adsorbed on boehmite standards to As µ-
XANES spectra collected on the XFM beamline from each voxel in ROI-10b of the As(V) 
treated sand grain. The top left image delineates by color voxels belonging to each quartile of Fe 
fluorescence signals (high, medium high, medium low, and low). Brighter colors in the elemental 
images indicate greater I0-normalized fluorescence intensities, with maximum intensities of 
0.00882 (Fe), 0.00057 (As), 0.00018 (Ca), 0.00038 (Mn), and 0.00026 (Zn). Brighter colors for 
linear combination fits indicate greater proportions of each given standard, ranging from 5-95%.  
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Table 1. Pearson correlation and partial correlation coefficients obtained between natural log-
transformed arsenic and detected soil matrix elemental data across a 100 µm x 100 µm (ROI-
100) and 10 µm x 10 µm sub-region (ROI-10a).  

  
100 µm x 100 µm region (ROI-100) 

(No. of observations = 34284) 
10 µm x 10 µm subregion (ROI-10a) 

(No. of observations = 100) 
Matrix 

Element 
Correlation Partial Correlation Correlation Partial Correlation 

Fe 0.85* 0.77* 0.97* 0.64* 
Ti 0.52* 0.05* 0.68* -0.03ns 
Ca 0.33* 0.11* 0.9* 0.22* 
Mn  -0.11* -0.01ns  0.38* -0.05 ns  
Cr 0.11* 0.08* 0.23* -0.13ns 
Si 0.09* -0.05* 0.58* 0.16ns 
Cu -0.08* -0.07* 0.92* 0.14ns 
Zn 0.05* 0.11* 0.85* 0.05ns 
Ni -0.03* 0.07* 0.49* -0.06ns 

 ns = non-significant at α = 0.05; * = significant at α = 0.05 

 
 
 
Table 2. Linear combination fitting results showing best-fit combinations of standards for As µ-
XANES spectra collected from six As-enriched spots across ROI-200 (overlaid on data in Fig. 
4). 

Spot 
#  

Proportions of standards ± uncertainty R-
factor 

  
As(V)- 

ferrihydrite 
(co-ppt) 

As(V)-
goethite 

As(V)-
Fe-peat* 

As(V)-
boehmite 

mansfieldite 
(AlAsO4•2H2O) 

1L 77 ± 8     23 ± 8   0.0141 
2L     61 ± 5 39 ± 5   0.0046 
3L 64 ± 5     36 ± 5   0.0047 
4L   46 ± 6  54 ± 4   0.0113 
5L  58 ± 4   42 ± 4   0.0042 
6L 59 ± 4     31 ± 4 10 ± 4 0.0027 

*As(V) sorbed on peat pretreated with 2400 mmol Fe kg-1. 
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CHAPTER 3 

Modeling Arsenate Accumulation in Soil Microsites Developed under Diverse Weathering 

Environments 
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1. INTRODUCTION 

Elevated arsenic concentrations in soils and groundwater have been recorded across the 

globe, and their negative health impacts have been well recognized (Brammer and Ravenscroft, 

2009; Ravenscroft et al., 2009). Release of arsenic into soils and groundwater occurs naturally 

from arsenic-bearing rocks and sediments by coupled biogeochemical and hydrologic processes, 

with some contribution from anthropogenic activities (Gillispie et al., 2016; Kocar and Fendorf, 

2012; Polizzotto et al., 2008; Smedley and Kinniburgh, 2002; Wuana and Okieimen, 2011). 

Arsenic entering soils and other geochemical systems undergoes chemical reactions including 

redox transformations, adsorption, and (co-)precipitation involving multiple soil minerals, non-

crystalline solids, organic matter, and biota in complex mixtures (Amstaetter et al., 2009; Fan et 

al., 2014; Inskeep et al., 2001; Otero-Fariña et al., 2017; Park et al., 2016). These reactions lead 

to solid-phase chemical species of As that largely regulate its mobility in the environment (Borch 

et al., 2009; Fendorf and Kocar, 2009; Fendorf et al., 2010; Gamble et al., 2018; Gorny et al., 

2015; LeMonte et al., 2017). In fact, different minerals and organic matter interact to drive redox 

and adsorption processes, thus affecting As retention (Adra et al., 2013; Antelo et al., 2015; Chen 

and Sparks, 2018; Hu et al., 2018; Mikutta and Kretzschmar, 2011; Otero-Fariña et al., 2017; 

Silva et al., 2010). Therefore, mitigation of the resulting adverse impacts requires mechanistic 

understanding of how multiple, co-localized components in natural soil systems serve to inhibit 

or augment the accumulation of arsenic.  

  Natural soil systems exhibit spatial heterogeneity developed through different 

biogeochemical reactions, such as different mineral weathering, accumulation of organic matter, 

and biological activities (Buol et al., 2003). These biogeochemical processes result in variation in 

morphology, composition, structure, and surface properties of soil solids that directly affects soil 
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adsorption capacities. Soils developed under varying redox conditions or with different contents 

of organic matter contain Fe and Al (hydr)oxides in varying proportions and types that lead to 

differing arsenate sorption capacities. For example, under chemically oxidizing conditions As is 

associated with Fe(oxyhydr)oxides, such as goethite, through sorption and co-precipitation 

reactions, whereas under chemically reducing conditions, arsenic-bearing Fe sulfides, such as 

arsenopyrite or As-rich pyrite, are favored (Schreiber and Rimstidt, 2013). In essence, the 

reactivity and chemical species of As varies depending on the prevailing biogeochemical 

conditions in which they are developed. Comprehensive analyses of different soil types are 

needed for developing effective strategies for As immobilization.  

Different studies have provided insights into As binding mechanisms in different soil 

environmental conditions using µ-XRF images to assess the association of As with matrix 

elements (Burton et al., 2014; Fan et al., 2014; Gräfe et al., 2008; Landrot et al., 2012; Langner 

et al., 2013; LeMonte et al., 2017; Polizzotto et al., 2008; Ying et al., 2013). Typically, these 

associations are evaluated using correlation analyses that do not decouple the effects of co-

localized soil components (Guinness et al., 2014). Only a few studies have focused in separating 

the effects of co-localized soil elements on the retention of As (Guinness et al., 2014; Sharma et 

al., 2019; Terres et al., 2018). These studies considered analyzing a single sand grain sampled 

from one soil type, and provide a framework for assessing multi-element effects on As and other 

trace element retention in spatially heterogeneous matrices. Here, we evaluate the effects of 

multiple, co-localized soil components on As retention in soil microsites developed under 

different biogeochemical environments.  

Our overarching goal is to determine effects of multiple, co-localized soil components on 

trace-element retention in soils and other geochemical matrices. We believe that matrix elements 
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in complex mineral-organic assemblages from diverse soils will have unique spatial distributions 

that depend on their localized biogeochemical conditions. Previously, our study indicated a 

dominant relationship of Fe (and perhaps Al) and minor relationships of co-localized Ca and Ti 

in describing the spatial pattern of As(V) accumulation measured with microscale spatial 

resolution. Here, our specific objectives were to (i) determine if this apparent statistical trend of 

As accumulation in relation to Fe is consistent across soils developed under different pedogenic 

environments and (ii) quantify the relationship of As and co-localized elements in different soil 

matrices. In this study, we analyzed soil sand-grain samples from environments with different 

redox conditions and organic carbon contents using techniques and approaches developed in 

Sharma et al. (2019). To test our hypothesis, synchrotron X-ray fluorescence microprobe 

imaging and spectroscopic analysis, along with time-of-flight secondary ion mass spectrometry 

(TOF-SIMS) were employed to assess As accumulation patterns and speciation in relation to 

heterogeneous spatial distributions of soil matrix elements in As(V)-treated sand-grain coatings. 

Partial correlation and spatial regression models were used to infer any multi-component effects 

on As binding. Findings from this study will provide insights to whether soil variability across 

different spatial scales affects As retention and help us determine if knowledge derived on 

specific soil environment can be translated to soils under different environmental conditions.  

 

2. MATERIALS AND METHODS  

2.1. Soil Sampling and Sand Grain Collection 

Soil samples were collected from different locations across the North Carolina Coastal 

Plain. Three of the samples were collected from Nags Head Woods that include Fripp soils 

(Mixed, thermic Typic Udipsamment) collected from the A horizon (12-15 cm) and the C1 
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horizon (30-45 cm), and Osier soil (Mixed, thermic Typic Psammaquent) collected from the Bw 

horizon (17-21 cm) that was developed in the depression of a dune area and was under stagnant 

water condition, referred to as “NH-top”, “NH-mid”, and “OS”, respectively. Similarly, another 

sample location was in Greenville, where a floodplain soil of a natural levee (Buncombe series; 

mixed, thermic Typic Udipsamments) was collected from the B horizon (30-40 cm), referred to 

as “GV”. The samples were transported on ice and stored in a refrigerator until use. However, 

the samples were not specially handled to avoid exposure to oxygen, and so the redox conditions 

of the samples might not have been entirely preserved. Characterization data for these soil 

samples are provided in Table 1 and Table S1 in the Appendix.  

The procedure described in Sharma et al. (2019) was followed for sand grain isolation 

and sample preparation. After collecting sand fractions, two sand grains that had areas of visibly 

thin mineral-oxide coating on a flat surface were selected from each of the four subsamples for 

the analyses (Fig. S1. in the Appendix). The numbers in the sample label, for e.g., GV #1, GV 

#2, OS#1, OS #2, etc. (mentioned later in the chapter) refer to the two sand-grains selected from 

the same soil subsample for analyses. Moreover, for one of the grains from the “GV” sample, µ-

XRF analyses (discussed below) were also conducted at two different areas separated by up to ~ 

890 microns within the same grain-coating, along with replicated measurements on these areas 

for testing the reproducibility of the results from the SRX beamline. The replicated images were 

collected on the As(V)-treated sample by first imaging region a (“GV-2a-R1”) and then imaging 

region b (“GV-2b-R1”) and again imaging region a (“GV-2a-R2) and then region b (“GV-2b-

R2). R1 and R2 indicate replicate images of the same area. Overall, the evaluations were made 

on the same area of the sand-grain; two different areas of the same sand-grain; different grains of 
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the same soil sample; different depths of the same soil profile; and across soils developed under 

different geographic locations with varying redox conditions.   

        

2.2. Micro- X-ray Fluorescence Imaging 

Spatial patterns of arsenic and detected soil matrix elements in each sand-grain coating 

were assessed by creating a µ-XRF chemical composition image on the Sub-micron Resolution 

X-ray (SRX) beamline (5-ID) at the National Synchrotron Light Source-II (NSLS-II), 

Brookhaven National Laboratory in Upton, NY (Chen-Wiegart et al., 2016). A Si(111) 

monochromator and Kirkpatrick-Baez (KB) mirrors controlled the incident energy and the beam 

size, and a three element, Vortex silicon drift detector that was used to measure fluorescence 

signals was set at an angle of 15° relative to the sample. The beam current was constant at 300 

mA. Pre- and post-As(V)-treatment images were acquired across a 100 µm x 100 µm area (ROI-

100) as fly scans (0.5 s dwell time and 1 µm pixel size) using ~ 1 µm x 1 µm beam at 13.5 keV 

incident energy. The fluorescence signals received by each of the three detector elements were 

merged and the element specific fluorescence intensities at each pixel were extracted by fitting 

the full fluorescence spectra in PyXF software (Li et al., 2017) as described in Sharma et al 

(2019). 

 

2.3. As(V) Treatment of the Sand Grains 

After assessing the initial distribution of matrix elements in each of the eight sand-grain 

coatings, each grain was hydrated with a 150 µL drop of deionized water (DI) for 30 minutes and 

the water was removed. The moist grains were subsequently treated with a 150 µL drop of 0.1 

mM Na2HAsO4.7H2O/0.1 mM NaCl solution (pH 5.5), equilibrated for 30 minutes, rinsed four 
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times with a 150 µL drop of DI water, and dried for 1 hour in a glovebox chamber that was 

purged with N2(g). The detailed As(V) treatment procedure is described in Sharma et al (2019). 

 

2.4. Arsenic and Fe µ-XANES Spectroscopy and Spectral Fitting 

Arsenic and Fe K-edge µ-XANES spectra were collected on the As(V)-treated sand 

grains to determine the speciation of accumulated As and matrix Fe at the SRX beamline. The 

detector set up at the SRX beamline for collecting µ-XANES was different than that described 

above. The Vortex silicon-drift detector was set at an angle of 45° relative to the sample. 

Because of limited beamtime, the spectroscopic analyses were conducted only on one sample 

from each environment. Separate µ-XRF images were acquired from these samples to select 

points for collecting As and Fe µ-XANES data. The ROIs for µ-XANES fell within the original 

imaging ROIs only for sample GV and NH-mid. The ROIs for µ-XANES for NH-top and OS 

sample did not fall within the original imaging ROIs because we could not get quantifiable signal 

from those original imaging ROIs for these samples. This might be due to the topography of the 

sand grain and the different detector set up for collecting µ-XANES. Depending upon the spatial 

patterns of accumulated As and matrix Fe of each sand grain, up to 14 scans of each As and Fe 

µ-XANES spectra were collected as point XANES. The location of the spectra included both 

hotspots as well as colder spots to get better representation of the species across the regions 

analyzed. All As µ-XANES spectra were collected at energies between 11842 and 11942, and Fe 

µ-XANES spectra were collected between 7087 and 7187, using a minimum step size of 0.25 eV 

across the edge region and 0.1 s dwell times. However, 0.5 s dwell time was used for As µ-

XANES collected from the spots that had low As concentration. All As µ-XANES spectra were 

shifted by -6.14 eV to calibrate to the white line position (set at 11874 eV) of a scorodite 
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standard imaged as a microscale inclusion in a rock. Similarly, all Fe µ-XANES spectra were 

shifted by -0.729 eV to calibrate to the white line position (set at 7112 eV) of a Fe foil. The 

linear combination fitting analysis for As µ-XANES included various As standards such as, Fe-, 

Al-, and Ca-bonded arsenate or arsenite species, either in adsorbed or mineral forms that were 

considered pertinent to soils, along with As2O5 and As2O3 (Table S2, Fig. S2). Similarly, the 

standards for Fe-XANES fits included ferrihydrite, goethite, hematite, magnetite, pyrite, ferric 

glass, siderite, and a Fe(III)-treated peat sample. 

 All µ-XANES spectra were processed using IFEFFIT under the Athena interface (Ravel 

and Newville, 2005). First, non-normalized µ-XANES spectra were merged according to the 

microsite chemistry. The pixels from which the As spectra were collected were categorized into 

two groups based on Fe fluorescence signal because of the strong As-Fe correlation (discussed 

below). The pixels that had >50% of the maximum Fe fluorescence signal were grouped as “high 

Fe” and the rest were grouped as “low Fe”. Finally, the As spectra that fit into each group were 

merged to effectively yield a signal-weighted average of diminished spectral noise, then 

normalized and fit to obtain a model for As speciation. Similarly, the pixels from which Fe 

spectra were collected were grouped as “high As” (>50% of the maximum As signal) and “low 

As” (<50% of the maximum As signal) then merged, normalized, and fitted to determine the 

appropriate Fe standards to be included for the individual Fe-XANES fits. Because a strong 

correlation between As and Fe was found, merging the Fe spectra based on As signals will 

provide insights to whether the amount of As accumulation is dependent on specific Fe species. 

The merged As and Fe µ-XANES spectra were normalized and individually fit using the linear 

combination fitting (LCF) analysis routine in Athena. Because our sample spectra were collected 

over shorter energy ranges, these spectra were normalized using a different approach. The 
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normalized spectrum from a standard that had features similar to that of a given µ-XANES 

spectrum in the post-edge region was used to select an energy range for quadratic, flattened 

normalization that overlaid the sample spectrum to that of the standard. The spectra for As and 

Fe standards collected at bulk-sample beamlines were baseline subtracted using a linear function 

between -200 and -30 eV and normalized using a quadratic function between 45 and 900 eV, all 

relative to E0 taken as the first derivative maximum. The flatten function in Athena was used to 

obtain normalized XANES (Kelly et al., 2008). Fitting analyses were performed over the energy 

range of -10 to 25 eV (As-XANES) and -17 to 35 eV (Fe-XANES), relative to E0, using a 

modification of the standard-elimination approach described by Manceau et al. (2012) and 

allowing an energy shift of up to ±0.25 eV for individual standards (details can be found in 

Sharma et al. 2019). Weighting factors on fitting standards during LCF analysis were not 

constrained, but were renormalized to sum to 100% (Kelly et al., 2008). The LCF results of 

merged Fe-XANES from different soil environments showed that these spectra could all be fit 

with combinations of goethite and peat reacted with Fe(III) at a loading of 3600 mmol kg-1 

[Fe(III)-peat 3600] standard. These two standards were then used to fit individual Fe-XANES 

spectra from different samples. 

 

2.5. TOF-SIMS Analysis 

To assess the spatial distribution of Fe, Al and C in As(V)-treated sand grains, we used 

TOF-SIMS with high spatial resolution (300 nm x 300 nm). Using an optical microscope, the 

ROI-100 region that was mapped at the SRX beamline on each grain was identified for analysis. 

However, because of the uneven topography of the sand-grains, we obtained either a very low 

signal or no signal from those regions. Therefore, for each grain, we selected a 100 µm x 100 µm 
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area with thin coating that was close to the original ROI-100 region and yielded high signals. 

First, we sputtered a 500 µm x 500 µm area with a 14 nA Bi ion beam for 68 sec to remove 

surface contamination. Then, the mass spectral images of Fe+, Al+ and C- with 0.39 µm x 0.39 

µm pixel size were generated using 0.2 pA DC current and estimated penetration of 1-2 nm on 

the surface. Arsenic was not detected. The acquisition time of each pixel was 60 µs. The details 

can be found elsewhere (NCSU-AIF, 2018).   

 

2.6. Statistical Analyses 

Statistical analyses included partial correlation and spatial and non-spatial regression 

modeling, which were conducted using R statistical software (RStudio─Version 1.1.383). The µ-

XRF intensity data normalized to the incoming X-ray intensity (I0) were natural log (ln) 

transformed to approximate a normal distribution. Statistical relationships were developed 

between natural log-transformed As and soil matrix elements fluorescence signals imaged after 

the As(V) treatment. Matrix element data before and after As(V) treatment were not found to be 

spatially registered. We observed subtle expansion and contraction of spatial features, for e.g., in 

Ti of grain OS #1, Zn of grain GV #1, and Fe and Ti of grain NH-mid #2 (Figs. S3 and S4). 

Also, minor changes in spatial distribution of matrix elements – mainly Ca, Cr, and Zn – were 

also observed in some of the grains after treatment. To ensure the spatial registry of accumulated 

As and matrix element data, µ-XRF signals of matrix elements after the treatment was chosen in 

describing As accumulation.  

The µ-XRF elemental data from soil matrices have been shown to have spatial 

dependence (Sharma et al. 2019), so a spatial model was used to account for the spatial 

autocorrelation in the residuals. These residuals were assumed to follow a Gaussian process and 
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a Matérn isotropic covariance function (Guinness, 2018b; Minasny and McBratney, 2005, 2007). 

The parameters in the co-variance function were variance, range, smoothness, and nugget. The 

variance measures how far a random variable is deviated from its mean. Similarly, the range 

represents the distance limit beyond which the data are no longer correlated; the smoothness 

determines whether there is a steep or gentle change in variation at small distances; and the 

nugget is the y-intercept of the variogram which represents the small-scale variability of the data. 

The spatial likelihood linear models were fit using a ‘GpGp’ package in R (Guinness, 2018a) in 

order to determine the predictor soil matrix elements in describing As accumulation. The 

significant predictors were selected by following the procedure as described in Sharma et al. 

(2019).  

  

3. RESULTS 

3.1. Spatial Association of Accumulated As and Soil Matrix Elements 

In Fig. 1, we present µ-XRF images of As (before and after the treatment) and images of 

Fe and Mn after the treatment, acquired across ROI-100 area from one of the grains representing 

each pedogenic environments. Because Fe and Mn are important adsorbents of As and these 

elements have been used in the models as significant predictors (discussed below), we chose to 

present their images here. The rest of the images are presented in Fig. S4 in the SI. TOF-SIMS 

images of Fe+, Al+, and C- acquired near ROI-100 are shown in Fig. S5. The spatial patterns and 

the greater fluorescence signals for As after the As(V) treatment compared to before treatment 

confirmed the accumulation of applied arsenate for the analyzed sand grains. The spatial 

distribution of As after treatment showed greater heterogeneity, and the As fluorescence signals 

were up to one-and-half orders of magnitude greater than before treatment. Matrix Fe showed the 
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dominance on all sand-grains analyzed, as indicated by up to three orders of magnitude greater 

fluorescence signals for Fe than the greatest signals for all other elements mapped. The soil 

matrix elements Ca, Cr, Cu, Mn, Ni, Si, Ti and Zn after treatment also showed spatial 

heterogeneities. The spatial pattern of accumulated As(V) was most similar to those of Fe and 

Mn, and to some extent to Ti, Zn, Cr, and Ni. TOF-SIMS images of Fe and Al also showed 

similar spatial patterns, whereas the distribution of C did not follow the pattern of these elements 

(Fig. S5.). Also, the replicated images collected in two different areas of the same grain (i.e., 

“GV #2a-R1” and “GV #2a-R2”; “GV #2b-R1” and “GV #2b-R2”) showed identical spatial 

distribution of As and soil matrix elements, indicating that results could be reproduced by the 

SRX beamline. Lastly, note that in grain OS #2 the applied arsenate was not found to be 

accumulated, as indicated by similar fluorescence intensities before and after As(V) treatment 

(Fig. S4). 

 

3.2. Relationship of Arsenic and Soil Matrix Elements 

Correlations between accumulated As and selected soil matrix elements can be visualized 

in the scatter plots in Fig. S6. To account for the effects of co-localized matrix elements on As 

accumulation, we used partial correlation over conventionally used simple (Pearson) correlation. 

Partial correlation coefficients (r’) showed that accumulated As had strongest relationship with 

either Fe, Mn, or Ti (Table 2) across different soil environmental conditions, which is in 

agreement with the spatial association of As with these elements as can be visualized in Figs. 1 

and S4.  

Partial correlation analyses of two different areas of the same grain, separated by ~890 

µm, inferred how microscale heterogeneity affects As retention. Two regions of the Fe-rich 
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sample, “GV #2a” and “GV #2b”, selected within the same sand-grain coating of grain “GV #2” 

showed that As accumulation had the strongest relationship with Fe and Ti, respectively. This 

result indicates that two different elements were responsible for As retention, even across micron 

scale distance on the same grain.  

Furthermore, analyses of two different grains from the same subsample, grains from 

different depths of the same soil profile, and grains from different geographic locations showed 

consistent relationship of As with Fe. However, two grains from the same subsample of Fe-rich 

soil, GV #1 and GV #2, showed strong relationship of As with Mn (r’ = 0.41) and Fe (r’ ~ 0.5), 

respectively. Whereas in most sand-grains analyzed Fe was found to be the main driver in As 

accumulation, the slope of Fe was varied (ranging from 0.14─1.01; Table 2) across different soil 

pedogenic environments. The variations in Fe slope indicate variations in spatial relationships of 

As and Fe across different environments, which help us to infer the effect of Fe on As 

accumulation. The pronounced spatial association of Fe and As was found in the sand-grain 

selected from “NH-mid” soil sample, which had a moderate amount of Fe, Al, and organic 

carbon contents based on bulk measurement (Table 1). The least spatial association of As-Fe was 

found in sand-grain “OS”, which was selected from soil that had the lowest Fe content measured 

in the bulk sample. Furthermore, we quantified the elemental content at the microscale by 

summing the log values of fluorescence signals within the analyzed microsites and determined if 

the elemental content played a role in driving the varying spatial association of Fe and As 

accumulation. Pearson correlation analyses showed no significant correlation (α = 0.05) between 

the Fe slope and microscale contents of Fe, Mn, Ca, Cu, Ti, and Zn. However, it is important to 

note that the Fe slopes determined here were calculated by simply regressing As on Fe and 

excludes other co-localized matrix elements that are likely to associate with As.      
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Analyses of replicated images of the same area were also conducted on Fe-rich sample to 

evaluate the reproducibility of the SRX beamline. Both replicate images R1 and R2 from grain 

GV #2a i.e., “GV #2a-R1” and “GV #2a-R2” showed strong correlation of As with Fe (r’ ~ 0.5). 

Likewise, both replicate images from grain GV #2b i.e., “GV #2b-R1” and “GV #2b-R2” 

showed strong correlation of As with Ti (r’ = 0.37). Such similar results of the replicate images 

indicate that the performance of the SRX beamline was reproducible. 

Whereas partial correlation analysis provided true relationship between As and each soil 

matrix element by removing the confounding effects of other elements present, this analysis did 

not account the spatial dependence present in the µ-XRF data, which might lead to unreliable 

significance tests (Beale et al., 2010). Therefore, to obtain a reliable significance tests of the 

mean parameters in predicting relationships of matrix elements and As accumulation, spatial 

regression model was conducted.  

 

3.3. Spatial and Non-spatial Regression Models for Predicting As Accumulation 

Spatial likelihood linear models (spatial models) and simple multiple linear regression 

(non-spatial models) evaluated to predict the linear effects of soil matrix elements on As 

accumulation for each sand-grain analyzed are parameterized in Table 3. Unlike non-spatial 

models, spatial models account for the spatial autocorrelation, which relates to decrease in 

correlation of each variable to itself as a function of distance. Whereas spatial models yielded 

minimum AIC values, non-spatial models provided better in-sample prediction for accumulated 

As, especially for samples “NH-Top #2”, “NH-mid #2”, “GV #1”, and “GV #2a”, as shown in 

Table 3 and Fig. S7. For other samples, spatial models could make as equally good predictions as 

non-spatial models did, with ≤10% variation in R2 values between the two models. Overall, 
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spatial models suggested that regardless of the pedogenic environment of the soil, Fe had a major 

control in As accumulation, indicated by greater regression coefficients for Fe in all analyzed 

samples. Other elements present such as Mn, Zn, Ti, Cr, Ca, Si, Ni, and Cu, had only minor 

effects. Furthermore, we also tried integrating µ-XRF data from all analyzed sand grains from 

different environments into one dataset to determine whether there is a consistent trend between 

accumulated As and Fe. A scatter plot of As vs. Fe for these integrated dataset also showed 

positive correlation (r = 0.85) between As and Fe (Fig. S8).  

Non-spatial models suggested that As accumulation had a strong relation with either Fe, 

Mn, Cu, or Zn across different soil environments (Table 3). In Fe-rich (GV) sample, As was 

related with two different elements in two different areas on the same grain. For example, in area 

GV #2a Cu showed the strongest positive relation with As accumulation, whereas in area GV 

#2b As had strong positive relation with Fe.   

In general, analyses of grains from different depths of the same soil profile and from 

different geographic locations showed Fe to have significant positive contribution on As 

accumulation in all sand grains analyzed. The regression coefficients of Fe were between 0.32 

and 0.78 in spatial models and between 0.29 and 0.81 in non-spatial models. These regression 

coefficients showed significant (α = 0.05) positive correlation (r = 0.66) with the microscale Fe 

contents for the spatial models, whereas the correlation (r = -0.25) was non-significant for the 

non-spatial models (Fig. S9). Besides Fe, other co-localized elements also showed spatial 

association with As accumulation. For example, in 13 of the 20 models presented in Table 3, Ti 

had significant positive coefficients that were ≥0.05. Similarly, Zn showed a positive relationship 

with As accumulation, with coefficients ≥0.05 in 12 of the 20 models and a negative relationship 

in two cases. In one of the samples (e.g. GV #2a-R2) the model showed that only Cu and Fe 
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were significant with the dominance of Cu, unlike other models in different samples that showed 

up to five elements that were significant but had lower coefficients (<0.05). Overall, our results 

could not be tied to the redox measurements and we could only determine the variation in 

statistical trends from our samples that represent a greater range of pedological environments.  

Comparison of regression coefficients for the same elements showed inconsistent results 

between spatial and non-spatial models. For example, in sample from low-Fe (OS #1) and Fe-

rich (GV #1 and GV # 2a) soil, Fe showed greater regression coefficient in the spatial model but 

not in the non-spatial models. Instead, the non-spatial models showed greater regression 

coefficients for either Zn, Mn, or, Cu. Such discrepancy between two models created 

complications in choosing a model to infer possible As binding mechanisms. Therefore, we used 

the AIC criteria, which indicate model likelihoods, to select the models in describing As 

accumulation. Since spatial models gave minimum AIC values, we chose spatial models to 

describe As accumulation in relation to soil elements. The R2 values were not used for model 

selection because non-spatial models necessarily gave greater R2 since regression coefficients 

minimize the sum of squared errors. Also, because up to five matrix elements were statistically 

significant at α = 0.05 in the spatial model, inferring possible As binding mechanisms from these 

many elements becomes complicated. Therefore, to avoid complications in describing As 

accumulation we considered only the predictor variables with regression coefficient > 0.05 as the 

(chemically) significant predictors.  

 

3.4. Speciation of Soil Arsenic and Iron 

Micro-XRF images of As and Fe showing the locations from which the individual As and 

Fe K-edge µ-XANES spectra were obtained are shown in Fig. 2, and merged As and Fe µ-
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XANES spectra are shown in Fig. 3. Variations in spectral features of As and Fe µ-XANES and 

linear combination fitting analyses suggested spatial variations in As and Fe speciation within 

and across sand grains from different weathering environments (Table 4 and 5; Fig. 3). 

Consistent with the variations in white-line intensities or broadening of the white-lines found in 

spectra of different As and Fe standards, our sample spectra also showed such variations, 

indicating variation in speciation.  

Differences in As speciation within the sand-grain coatings are indicated by up to 25% 

variation in proportions of five fitting standards (Table 4). The fit results of As µ-XANES from a 

sample that had moderate Fe content, “NH-mid #1”, showed uniform variation in As speciation 

within the sand-grains, independent of the Fe content. Whereas, in other samples the speciation 

varied depending upon the Fe content. In samples NH-top #1 and OS #2 the fit results of merged 

As µ-XANES spectra from regions of high Fe content included both Fe and Al bonded As(V) 

standards as the best fits; whereas, As(V) bonded to Al standard did not fit to the spectra from 

regions of low Fe content. Instead, the As µ-XANES fits in low Fe region of sample OS #2 

included 11% of organic-As standard. Likewise, in sample GV #1 the merged As spectra from 

low Fe regions included both Fe- and Al-bonded As(V) standards, whereas the merged As 

spectra from high Fe regions included standards of As(V) bonded to Fe and organics as the best 

fits.  

To determine the variation in As speciation across different soil types, we calculated the 

average value of the estimated proportion of the given standard from high Fe and low Fe group 

found in Table 4. On an average, up to 15% variation in proportions of As standards was found 

in sand grains across different pedogenic environments. Overall, As(V) bonded with Fe 

standards, As(V) bonded with Al standards, and As(V) bonded with organics accounted for 64-
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89%, 13-28%, and 11-18% of the As µ-XANES spectral features, respectively. Also, As(III) 

standard bonded with Fe accounted for 8% of the spectral features, indicated by the fit to the 

spectrum from OS #2 grain merged from high-Fe regions. In general, although the fit results 

analyzed within the sand grains showed that As speciation varied with the localized Fe content 

(proportional to Fe fluorescence signals) in the analyzed soil microsites, we could not find 

consistent trend of variation in As speciation with respect to bulk Fe content across different 

pedogenic environments. Thus, it was difficult to quantify relationship between As speciation 

and Fe content comprehensively for soils under different pedogenic environments. 

Fit results of merged Fe µ-XANES spectra showed variations of up to 48% in proportions 

of two Fe fitting standards, indicating the difference in Fe speciation within the sand-grain 

coating (Table 5). For most grains analyzed, the fit results of merged Fe µ-XANES showed that 

the amount of As accumulation within the microsites varied with the Fe species, but no specific 

trend was observed. For example, in sample “NH-mid”, the regions of high As accumulation had 

nearly equal proportion of goethite and Fe(III)-peat standards; whereas in low As accumulated 

regions the Fe(III)-peat standard was dominant. In Fe-rich sample, “GV”, in high As regions 

Fe(III)-peat standard was dominant, and in region that had low As accumulation combination of 

goethite and Fe(III)-peat standards was found. Whereas, regardless of the As content the fit 

results from reduced sample, “OS #2”, showed uniform Fe speciation.  

To determine the variation in Fe speciation across different soil types, the individual Fe 

µ-XANES spectra were fitted using the best-fit standards determined from the LCF results of 

merged Fe µ-XANES spectra (Fig. 4). Individual Fe µ-XANES spectra from sand grains across 

different soil environments showed variations of up to 94% in proportions of two Fe fitting 

standards (Table 6). The fits to the Fe µ-XANES spectra showed that 7-100% of the spectral 
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features were accounted by goethite and 6-100% of the features were accounted by Fe(III)-peat 

standard [Fe(III) reacted with peat at 3600 mmol Fe kg-1 peat]. We also tried to establish 

relationship between Fe species determined from individual fits and amount of As accumulation. 

In some cases greater As accumulation was found where Fe fits showed the combination of 

goethite and Fe(III)-peat standards (e.g., Fig. 2; Table 6 ─ spectra 1, 6, 8, and 14 in GV #1; 1 and 

2 in NH-mid #1; 2 in OS #2). Whereas, in other cases greater accumulation of As was found 

where Fe(III)-peat standard was dominant (e.g., spectra 9, 10, and 11 in GV #1; 2 and 3 in NH-

top #1; 3-6 in NH-mid #1; 1 and 4 in OS #2). In general, we could not quantify the relationship 

between the amount of As accumulation and Fe-species based on soil pedogenic environments 

due to lack of consistent trends across different samples. We also tried to develop a model 

combining data from four sand grains analyzed for speciation in describing Fe species in relation 

to Fe fluorescence signals, but no significant (α = 0.05) correlations were found between them 

(Fig. 5).   

    

4. DISCUSSION 

4.1. Effects of Co-localized Matrix Elements on As Accumulation 

Soils are heterogeneous in nature resulting from different biogeochemical processes that 

define the morphology, composition, structure, and surface properties of soil solids. Arsenic 

entering soils reacts differently depending upon the soil properties, leading to different chemical 

species of As that governs the mobility of such toxic contaminant in the ecosystem (Fendorf and 

Kocar, 2009; Fendorf et al., 2010). To assess whether the reactivity of As is independent of the 

pedogenic environment, µ-XRF imaging and spectroscopy analyses were conducted on mineral-

oxide coating of the sand-grains that were collected from soils developed under various 
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weathering environments. Partial correlation and spatial regression modeling of µ-XRF images 

inferred whether the accumulation of As is mainly driven by Fe regardless of the environmental 

condition in which the soils were developed.    

Collectively, both partial correlation coefficients and spatial regression coefficients 

revealed that Fe had a significant contribution in As accumulation in all sand-grains analyzed 

(Table 2 and 3). Such strong statistical relationship between As and Fe infers that applied 

arsenate could have accumulated by binding to Fe [(hydr)oxides]; and the high affinity inner-

sphere surface complexation of As to Fe (hydr)oxides is evident (Di Iorio et al., 2018; Dzade and 

De Leeuw, 2018; Fendorf et al., 1997; Manceau, 1995; Waychunas et al., 1995). Moreover, the 

co-localization of Fe and Al and a significant Fe-Al correlation determined from a separate TOF-

SIMS measurement (Table 2) also suggested the contribution of Al in As binding. Such co-

localization of Fe and Al poses a challenge in separating the relative contributions of Fe vs. Al 

(hydr)oxides on As(V) retention. However, the inclusion of Fe and Al bonded As standards as 

the best fits to As µ-XANES spectra indicated the involvement of both Fe and Al in binding As, 

complementing the µ-XRF and TOF-SIMS results.  

Furthermore, despite the dominance of Fe within the microsites, the degree of spatial 

relationship between Fe and As accumulation was varied across different pedogenic 

environments as indicated by the variations in Fe slope (Table 2). The varying degree of spatial 

association between Fe and As accumulation found in our analyses is consistent with the 

environmental conditions of the soils that lead to different bulk/microscale Fe content. In fact, 

the Fe slope was positively correlated (r = 0.66) with the Fe content (Fig. S9). The sand-grain 

selected from the soil sample developed under reducing environment (i.e., sample OS) showed 

less As-Fe spatial association, possibly because of low Fe content in this sample compared to 
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other samples (Table 1, Fig. 1). Sand-grains developed under oxidized environment (e.g., “NH-

mid”) had stronger As-Fe relationship, which could be attributed to the greater Fe content that 

leads to adequate accessible binding sites for As. However, the Fe content of the sample might 

not necessarily be the only attribute leading to the strong relation between As and Fe. Despite the 

highest Fe content in sample “GV” (Table 1), the average slope of Fe was relatively small for 

this sample (0.63) compared to NH-mid sample (0.99) that had moderate Fe content. Besides Fe, 

strong relationships were also found between As-Mn and As-Ti in Fe-rich samples, “GV #1” and 

“GV #2b”, respectively (Table 2). This finding suggests the possible effects of interactions 

among co-localized Fe, Mn, and Ti in enhancing As accumulation, as was found previously 

(Fordham and Norrish, 1979; Gillispie et al., 2016; Rao et al., 2015).  

Furthermore, it is also noteworthy to point out that although the inferred trends in As 

accumulation were consistent with the bulk soil properties (e.g., Fe content) shown in Table 1, 

the oxalate and CBD extractable Fe content were not found to be consistent with what is 

generally expected for a reduced soil condition. For example, poorly crystalline Fe (hydr)oxides 

which have greater As adsorption capacity are expected to dominate under reduced conditions, 

whereas crystalline minerals are expected to be prevalent under oxidized conditions 

(Schwertmann and Taylor 1989). Our data in Table 1 showed that reduced soil (OS) has greater 

CBD-extractable Fe than oxalate-extractable Fe, indicating that this sample was dominated by 

crystalline Fe (hydr)oxides. However, it is important to note that the OS sample was under 

stagnant water condition during sampling, which is expected to be in reduced state, but the redox 

conditions of the soil samples were not preserved under N2 (to avoid exposure to O2) after soil 

sampling. Our Fe µ-XANES fits also included Fe(III) standards as the best-fit standards, which 

implies that the samples might have been oxidized. Therefore, the sand-grains sampled from 
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different pedogenic environments merely represented variations in Fe, Al, and OC contents 

across the environments rather than its intact redox states.             

Although Fe appeared to be the significant element driving As retention, the inferred 

effects of other co-localized elements on As retention varied across the pedogenic environments. 

The variations were found even between two areas of the same sand-grain coating that are across 

micron scale distances. One of the regions of the Fe-rich sample, “GV #2a”, As showed positive 

relation with Fe and Cu, whereas in the other region, “GV #2b”, As was positively related with 

Fe and Zn. Such variations within the same grain could be attributed to the microscale 

heterogeneity of the soil sample that leads to different spatial patterns of matrix elements as 

evident in Fig. S4. The effects of co-localized elements on As accumulation also varied between 

the grains of the same subsample (Table 3). For example, Zn showed positive relationship (e.g., 

in GV #2) and negative relationship (e.g., in GV #1) with As accumulation in Fe-rich samples. 

Similarly, the effects of co-localized elements on As accumulation also varied between two 

depths of the same soil profile as well as across different geographical location. These variations 

at different spatial scales is mainly due to the heterogeneous nature of soil. Depending on the 

localized biogeochemical conditions in which soils develop, soil matrix elements exhibit unique 

spatial distributions. Accordingly, different combinations of matrix elements within soil 

microsites present unique microenvironments that can potentially have varying effect on 

microscale arsenic reactivity, as noted above. Such variations found at different spatial scales 

also imply towards possible limitations for upscaling and downscaling information. Therefore, 

our results suggest that any analyses conducted for better assessment of mechanisms of arsenic 

retention and mobility in soils should always consider the chemical heterogeneity prevalent in 

wide range of soils.  
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4.2. Variations in As and Fe Speciation across Different Pedogenic Environments 

Arsenic µ-XANES were merged based on the Fe composition of the soil matrix to 

determine whether arsenic species varies with Fe content within the soil matrix. Linear 

combination fitting results of merged As µ-XANES showed up to 25% variation in proportions 

of five fitting standards within the sand-grain matrix (Table 4). This result suggests that As 

speciation was more uniform within the soil matrix regardless of the Fe content. However, for 

low-Fe and Fe-rich samples, “OS” and “GV”, As-standards such as As(V)-boehmite and 

dimethylarsinic acid showed fit to either As spectra from only high Fe regions or only low Fe 

regions. Overall, As speciation was found to be more uniform across different soil pedogenic 

environments than within the sand grain matrix, as indicated by 15 % vs. 25% variations in 

proportions of As standards (Table 4). This result suggests greater spatial heterogeneity of As 

within microsites of the soil matrix.  

Similarly, Fe µ-XANES were merged based on high or low accumulated As to determine 

whether specific Fe species were related to the amount of As accumulation. Across different soil 

environmental conditions, fitting results of merged Fe µ-XANES showed up to 48% variation in 

proportions of two Fe fitting standards (Table 5). Although variation in Fe speciation could be 

found within the sand-grain coating, the amount of As accumulation was not related to specific 

Fe species. For example, standard of Fe reacted with peat was found to fit to spectra merged 

from both high and low regions of accumulated As in grain “OS”. Furthermore, even if the Fe 

speciation was uniform within the soil matrix of this sample, we could still find variation in As 

accumulation pattern (Fig. 2). Despite having similar Fe speciation, greater accumulation of As 

in some region suggests the enhancement of As retention by other co-localized components 

present in the soil matrix as noted above. However, to ensure that the power of specificity was 
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not lost as a result of merging Fe µ-XANES spectra, the fits from merged Fe spectra were only 

used as an approach of determining appropriate standards to be included in the fitting of 

individual Fe µ-XANES. The individual fit results also did not show any specific affinity of As 

for two Fe species in the analyzed sand-grains, perhaps due to the greater spatial heterogeneity of 

the co-localized soil matrix elements that affect the amount of As accumulation.   

In general, our results from eight sand grain samples suggest that models to predict As(V) 

accumulation on soil particles can focus on a limited number of dominant elements present (Fe 

and perhaps Al in our case) with the host of other co-localized elements present having only 

minor effects. Although co-localized elements such as Mn, Ti, Zn, and Cu present in the soil 

matrices had minor effects in As binding, the micron-scale spatial resolution of µ-XRF analyses 

is insufficient to ascertain from the data whether these elements contributed to any molecular-

level geochemical interactions. We could not determine mechanisms by which these elements 

enhanced As binding, but we know that Mn-oxide is a good adsorbent and a powerful oxidizing 

agent which helps to keep Fe(III) and As(V) more immobilized (Gillispie et al., 2016; Manning 

et al., 2002; Ying et al., 2012). Also, a synergistic effect between Fe and Zn, Cu and Ti have 

shown to enhance As retention as indicated by the increased As(V) sorption on goethite in 

presence of Zn and in Fe-Cu and Fe-Ti co-precipitates (Gräfe et al., 2004; Rao et al., 2015; 

Zhang et al., 2013). Therefore, our results also have implications for analyzing soils at high 

spatial resolutions to gain better insights on any multicomponent interactions and accurately 

predict the environmental impacts of arsenic. Overall, our current spatial statistical models of As 

binding has broader applicability in soil matrices that are dominated by Fe and Al effects. These 

models will help in developing more accurate stochastic models for predicting As reactivity in a 

variety of complex geochemical matrices of environmental importance.  
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5. CONCLUSIONS 

Spatial statistical analysis of imaging and spectroscopic data collected from sand grains 

developed in diverse weathering environments provided insights to whether As reactivity is 

solely influenced by Fe oxides. Spatial regression models analyzed in eight different sand grains 

suggested that Fe was the major element driving As accumulation, but the effect of Fe on As 

inferred from the Fe slope varied with bulk/microscale Fe contents of the soil samples. 

Additionally, our results inferred that other co-localized elements such as Mn, Zn, Cu, and Ti 

also might have enhanced As retention probably through synergistic effect with Fe. Micro-XRF, 

TOF-SIMS, and µ-XANES fitting results indicated that both Fe and Al are responsible for As 

binding, however no specific trend was observed between amount of As accumulation and Fe 

species. This research indicated that varying micron-scale spatial associations of Fe and co-

localized elements on As retention for different sand grains were attributed to the chemical 

heterogeneity present within soil microenvironments. Although our results from limited samples 

suggested that As was predominantly co-localized with Fe (and Al), representative soils from 

different pedogenic environments that are not considered in this study should be analyzed in 

future studies to more completely assess As reaction mechanisms in soil systems. Because the 

variations in spatial distribution of matrix elements and speciation are found within the same 

grain, within the same subsample, within the same soil profile, and in different soils, soil 

variability across different spatial scales should not be ignored when predicting As retention or 

mobility. Finally, insights gleaned from diverse geochemical matrices would complement the 

existing knowledge of arsenic reaction mechanisms derived from model systems and help to 

enhance the effective management of As in wide range of soils. 
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GV #1 (Sampled from Fe-rich soil) 

 
NH-Top #1 (Sampled from soil with greater carbon content) 

NH-mid #1 (Sampled from soil with low carbon content) 

OS #1 (Sampled from reduced [low-Fe] soil) 

 

Figure 1. 100 µm x 100 µm micro-XRF images of As [before and after the As(V) treatment] and 
images of Fe and Mn after the treatment collected on samples from diverse pedogenic 
environments. Brighter colors in the μ-XRF images represent greater natural log-transformed 
fluorescence signals for each element analyzed. These images were used for analyzing As 
accumulation in relation to µ-XRF signals of matrix elements.  
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GV #1 (Sampled from Fe-rich soil) 

 
NH-Top #1 (Sampled from soil with greater carbon content) 

 
NH-mid #1 (Sampled from soil with low carbon content) 

 
OS #2 (Sampled from reduced [low-Fe] soil) 

 
Figure 2. 100 µm x 100 µm micro-XRF images of As and Fe acquired on As(V) treated sand-
grains for selecting spots to collect µ-XANES spectra. Brighter colors in the μ-XRF images 
represent greater natural log-transformed fluorescence signals for each element analyzed. The 
black circles on the As and Fe images are the regions where individual As and Fe μ-XANES 
spectra were collected, respectively.
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Figure 3. Figures a and b represent merged As and Fe K-edge μ-XANES spectra along with overlaid fits (points) as given in Table 4 
and 5, respectively. Figures c and d represent bulk XANES spectra of As and Fe standards included in the final linear-combination 
fits, respectively. In Fig. a, the suffix “H” and “L” after the sample ID indicate “High Fe region” and “Low Fe region” respectively 
and in Fig b. indicate “High As region” and “Low As region”. The spectra were merged based on the fluorescence signals of Fe (for 
As spectra) and As (for Fe spectra). 

a b c d 
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Figure 4. Individual Fe K-edge μ-XANES spectra collected on sand-grains from different pedogenic environments, along with 
overlaid fits (points) as given in Table 6. Figures a, b, c, and d represent spectra from sample GV #1, NH-top #1, NH-mid #1, and OS 
#2 respectively, and the numbers in each figure correspond to the location from which these spectra were obtained as shown in Fig. 2.
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Figure 5. Scatter plots showing the correlation between weights of Fe standards obtained from 
LCF fits of Fe µ-XANES spectra (Table 6) and the corresponding natural log-transformed Fe 
fluorescence signals. The correlation coefficients in both plots were non-significant at α = 0.05. 

  

r = -0.27 r = 0.27 
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Table 1. Characterization of Fe, Al, and organic carbon (OC) content of different subsamples 
from which sand-grains were selected for analyses. 

Soil sample Feox 
mg/kg ± sd 

FeCBD 
mg/kg ± sd 

 Alox  
mg/kg ± sd 

AlCBD  
mg/kg ± sd 

OC 
wt.% ± sd pH Texture 

GV  
(Fe-rich) 1415 ± 141  2264 ± 2 

 
303 ± 42 549 ± 25  0.17 ± 0.02 5.4 SL 

NH-top  
(Greater OC) 478 ± 9 1329 ± 17 

 
159 ± 5 348 ± 13 0.55 ± 0.03 5.4 FS 

NH-mid  
(Low OC) 879 ± 6 2099 ± 11 

 
255 ± 0 500 ± 6 0.24 ± 0.01  5.3 FS 

OS (Low Fe) <6 151 ± 13  
 

<6  115 ± 11 0.27 ± 0.04 5.9 FS 

ox = Oxalate extractable; CBD = Citrate-bicarbonate-dithionite extractable;  
OC = organic carbon; FS = fine sand; SL = sandy loam; sd = standard deviation 
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Table 2. Partial correlation coefficients (r’) showing strongest relationship between natural log-
transformed arsenic and detected soil matrix elemental data across a 100 µm x 100 µm (ROI-
100) region. Fe slope is obtained by regressing As on Fe, which indicates the amount of effect of 
Fe on As accumulation. The partial correlation coefficients (R’) were determined using natural 
log-transformed Fe+, Al+, and C- in the covariance matrix.  

Sand grains Matrix 
Elements 

Partial correlation 
(r') Fe slope Fe-Al  

(R’) 
GV #1 Mn 0.41 0.69 0.03 

 Zn -0.21   
 Fe 0.20   

GV #2a-R1 Fe 0.47 0.48  
 Cu 0.40   

GV #2a-R2 Cu 0.51 0.48  
 Fe 0.47   

GV #2b-R1 Ti 0.37 0.71  
 Fe 0.30   

GV #2b-R2 Ti 0.37 0.70  
 Fe 0.30   

NH-top #1 Fe 0.4 0.7 0.26 
 Ti 0.35   

NH-top #2 Fe 0.54 0.83  
 Ni 0.24   

NH-mid #1 Fe 0.61 1.01 0.11 
 Mn -0.21   

NH-mid #2 Fe 0.59 0.96  
 Ti 0.37   

OS #1 Fe 0.42 0.55  
 Ni 0.27   

OS #2 Fe 0.21 0.14 0.24 
 Ti -0.17   

 



102 

Table 3. Spatial and non-spatial linear regression models developed for predicting As accumulation based on µ-XRF fluorescence 
signals of soil matrix elements. Bolded elements represent the element that have greatest positive slope, indicating dominance of that 
element in controlling As retention. Standards errors for the regression coefficients of spatial models are provided in Table S3. 

 

Sample ID Eq. no Models Model type AIC R2 
GV #2a-R1 1a As = 0.85 + 0.50 Fe + 0.07 Cu + 0.05 Ti – 0.03 Cr – 0.03 Ca + e Spatial model -5048.9 0.26 

 1b As = -7.64 + 0.45 Fe + 0.8 Cu + 0.54 Ti – 0.03 Cr + 0.09 Ca + e Non-spatial model 6064.2 0.54 
GV #2a-R2 2a As = 0.77 + 0.09 Cu + 0.48 Fe + e Spatial model -4900.5 0.27 

 2b As = -5.87 + 0.97 Cu + 0.52 Fe + e Non-spatial model 9295.7 0.44 
GV #2b-R1 3a As = 0.34 + 0.57 Fe + 0.10 Zn + 0.04 Ti + e Spatial model -23568.1 0.77 

 3b As = -1.2 + 0.45 Fe + 0.28 Zn + 0.23 Ti + e Non-spatial model 5110.9 0.81 
GV #2b-R2 4a As = 0.86 – 0.01 Cr + 0.53 Fe + 0.02 Ni + 0.03 Ti + 0.08 Zn + e  Spatial model -23691.9 0.74 

 4b As = -2.04 + 0.12 Cr + 0.40 Fe + 0.31 Ni + 0.25 Ti + 0.09 Zn + e Non-spatial model 4895 0.82 
GV #1 5a As = -0.74 + 0.72 Fe + 0.08 Mn – 0.07 Zn + 0.05 Ti – 0.01 Cr + e Spatial model -41959.6 0.30 

 5b As = 6.44 + 0.29 Fe + 0.56 Mn – 0.91 Zn + 0.22 Ti + 0.09 Cr + e Non-spatial model 13843.6 0.66 
NH-top #1 6a As = -1.04 + 0.68 Fe + 0.06 Ti + 0.06 Zn – 0.02 Si – 0.01 Cr + e Spatial model -32638.7 0.69 

 6b As = -1.35 + 0.56 Fe + 0.28 Ti + 0.07 Zn – 0.07 Si – 0.07 Cr + e Non-spatial model 917.7 0.72 
NH-top #2 7a As = 1.73 + 0.32 Fe + 0.13 Ti + 0.08 Zn + e Spatial model -13887 0.35 

 7b As = -11.27 + 0.62 Fe + 0.80 Ti + 0.67 Zn + e Non-spatial model 15644.3 0.67 
NH-mid #1 8a As = -0.73 + 0.78 Fe + 0.03 Zn + 0.02 Si + 0.02 Ti – 0.01 Cr + e Spatial model -36658.6 0.78 

 8b As = -4.06 + 0.81 Fe + 0.03 Zn + 0.20 Si + 0.19 Ti + 0.07 Cr + e Non-spatial model 2498.8 0.88 
NH-mid #2 9a As = 0.44 + 0.62 Fe + 0.06 Zn + 0.04 Ti + 0.02 Ca + e Spatial model -20803.4 0.57 

 9b As = -7.35 + 0.76 Fe + 0.51 Zn + 0.35 Ti + 0.16 Ca + e Non-spatial model 16340.4 0.73 
OS #1 10a As = -0.04 + 0.51 Fe + 0.13 Zn + 0.02 Ti + 0.02 Ni + e Spatial model -16945.7 0.66 

 10b As = -4.93 + 0.45 Fe + 0.50 Zn + 0.09 Ti + 0.34 Ni + e Non-spatial model 706.4 0.70 
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Table 4. Linear combination fitting results showing best-fit combinations of standards for As µ-
XANES spectra collected from four sand grains that were selected from different pedogenic 
environment (overlaid on data in Fig. 3a). The suffix “H” and “L” after the sample ID indicate 
“High Fe region” and “Low Fe region” respectively. 

Sample ID   
Proportions of standards ± uncertainty 

R-
factor As(V)-

goethite 
As(V)-
Fe-peat 

As(V)-
boehmite DMA As(III)-

Fe-peat 
GV #1 - H 82 ± 2     18 ± 3  0.0073 
GV #1 - L 87 ± 5  13 ± 5   0.0015 

NH-top #1 - H 83 ± 7    17 ± 7     0.0032 
NH-top #1 - L  89 ± 7  11 ± 7       0.0045 

NH-mid # - H 87 ± 5     13 ± 5    0.0019 
NH-mid # - L 87 ± 5    13 ± 5     0.0021 

OS #2 - H 64 ± 10   28 ± 12    8 ± 3   0.0129 
OS #2 - L 89 ± 2       11 ± 2   0.0091 

As(III)/(V)-Fe-peat represents As(III)/(V) sorbed on peat pretreated with 2400 mmol Fe/kg and 
DMA stands for dimethylarsinic acid. 
 
 
 
Table 5. Linear combination fitting results showing best-fit combinations of standards for Fe µ-
XANES spectra collected from four sand grains that were selected from different pedogenic 
environment (overlaid on data in Fig. 3b). The suffix “H” and “L” after the sample ID indicate 
“High As region” and “Low As region” respectively. 

Sample ID 
Proportions of standards ± uncertainty 

R-factor 
goethite Fe(III)-peat 3600† 

GV #1 - H   100 ± 11 0.0008 
GV #1 - L 45 ± 6 55 ± 5 0.0007 

NH-top #1 - L   100 ± 7 0.0010 
NH-mid # - H 48 ± 4 52 ± 3 0.0006 
NH-mid # - L   100 ± 6 0.0009 

OS #2 - H   100 ± 7 0.0009 
OS #2 - L   100 ± 7 0.0019 

†Fe(III) treated peat samples with Fe reacted at 3600 mmol Fe/kg peat. 
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Table 6. Linear combination fitting results showing combinations of two standards [goethite and 
Fe(III)-treated peat 3600†] fit to individual Fe µ-XANES spectra collected from four sand grains 
selected from different pedogenic environments (fits are overlaid on data in Fig. 4). 

Sample ID 
Proportions of standards ± uncertainty 

R-factor 
goethite Fe(III)-peat 3600† 

GV #1       
1 15 ± 8 85 ± 8 0.0013 
2 0 100 ± 7 0.0012 
3 34 ± 8 66 ± 7 0.0012 
4 53 ± 5 47 ± 5 0.0014 
5 7 ± 8 93 ± 8 0.0015 
6 14 ± 10 86 ± 10 0.0022 
7 94 ± 9 6 ± 8 0.0017 
8 22 ± 10 78 ± 10 0.0022 
9 0 100 ± 7 0.0025 
10 0 100 ± 9 0.0038 
11 0 100 ± 16 0.0057 
12 100 ± 0 0 0.0006 
13 13 ± 4 87 ± 4 0.001 
14 43 ± 5 57 ± 5 0.0013 
        

NH-top #1       
1 0 100 ± 9 0.0017 
2 0 100 ± 7 0.0011 
3 0 100 ± 7 0.001 
        

NH-mid #1       
1 53 ± 6 47 ± 6 0.0007 
2 38 ± 5 62 ± 5 0.0007 
3 0 100 ± 5 0.0014 
4 0 100 ± 7 0.001 
5 0 100 ± 5 0.0013 
6 0 100 ± 9 0.0017 
        

OS #2       
1 0 100 ± 7 0.0011 
2 26 ± 5 74 ± 5 0.0011 
3 0 100 ± 6 0.0015 
4 0 100 ± 5 0.0027 

†Fe(III) treated peat samples with Fe reacted at 3600 mmol Fe/kg peat.  
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CHAPTER 4 

Assessment of Spatial Distribution of Arsenate Accumulation in Relation to Soil Matrix 

Composition at Different Spatial Scales  
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1. INTRODUCTION 

Arsenic entering soils is affected by biogeochemical processes, which lead to solid-phase 

chemical species of As that largely regulate the mobility of this potentially toxic element in the 

environment (Smedley and Kinniburgh, 2002). Biogeochemical processes in soils are often 

measured considering large spatial scales (e.g., macroscale, field scale etc.), however critical 

biogeochemical processes occur at fine spatial scales (e.g., micrometer, nanometer). Thus, 

understanding fundamental mechanisms of the underlying reaction mechanisms is gained at the 

molecular level to determine field scale behavior of As. Ideally, to accurately advance the 

fundamental understanding of the underlying reaction processes, studies would be conducted at 

different spatial scales, as each scale provides a unique perspective on complex systems. For 

example, Jones and Winkle (2017) have described how the concentrations of trace elements like 

Se in soil are driven by multiple processes that simultaneously span multiple spatial scales. They 

have also discussed the importance of examining the influence of scale in understanding the 

dominant processes driving Se retention and distributions. Similarly, Toner et al. (2014) and 

Hesterberg et al. (2017) analyzed chemical speciation of Fe and P, respectively, at different 

spatial scales (mm vs µm) and showed that we could benefit from integration of spectroscopic 

techniques at multiple scales by identifying the true diversity of their species in highly 

heterogeneous systems like soils. Such comprehensive analyses would be useful for connecting 

chemical speciation to the reactivity and mobility of nutrients or contaminants in soils.   

Although highly resolved spectroscopic techniques are utilized to elucidate As binding 

mechanisms in complex geochemical systems like soils (Brown Jr and Sturchio, 2002; Ciminelli 

et al., 2018; Di Iorio et al., 2018; Foster and Kim, 2014; Haus et al., 2008; Hitchcock et al., 2012; 

Hu et al., 2018; Zhu and Elzinga, 2015), advanced analyses of geochemical systems are 
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subsequently marginalized by the lack of connectivity across spatial scales. Furthermore, soils 

are very complex and dynamic mixtures of minerals, organic matter, and living organisms, which 

confounds our ability to translate extensive chemical knowledge of simple model systems to 

practical application in the field. The challenge of upscaling information from spectroscopic 

analyses of soil remains simply because the spatial range of atomic and field scale is ~26 orders 

of magnitude (Hesterberg, 2017). We lack systematic tools for directly utilizing molecular-scale 

knowledge to predict field scale behavior. Therefore, new approaches are needed that integrate 

and connect information across different spatial scales to develop innovative and effective soil 

management strategies for mitigating adverse environmental impacts. 

Most research studies are conducted, often independently, at different spatial scales. In 

the context of connecting information across spatial scales, studies have focused mainly on 

exploring the sensitivity of spectroscopic tools in identifying the diversity of chemical species in 

soils at a millimeter- vs a micro-scale (Arai et al., 2006; Hesterberg et al., 2017; Ono et al., 2016; 

Taggart et al., 2018; Toner et al., 2014; Walker et al., 2005). In addition to such studies, 

understanding whether soil systems show stationarity (i.e. constant statistical properties such as 

mean, variance, correlation etc.) across different spatial scales would be more insightful. For 

example, understanding whether the behavior of a nutrient or contaminant shows a consistent 

trend in reactivity across spatial scales would provide a basis to upscale or downscale 

information.  

In this study, I tried to analyze the behavior of As at the nanometer and micrometer scales 

and determined whether the trend in As accumulation patterns as affected by co-localized 

elements at the nanoscale is consistent to that found at the microscale. The information gained at 

the nanoscale was merged to model how loss of spatial resolution affected statistical models. 
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Results from Chapter 2 and 3 showed that microscale retention of As(V) reacted with a soil 

matrix from different soils was predominantly related to the Fe contents of microsites. Other 

matrix elements including Mn, Zn, Ca, and Ti were found to have minor but statistically 

significant effects on As accumulation. Although these matrix elements were included in many 

of our previous statistical models, the micron-scale spatial resolution of µ-XRF analyses was 

insufficient to ascertain from the data whether these elements contributed to any molecular-level 

multicomponent geochemical interactions. However, we believe that statistical analyses of soil 

microsites at high spatial resolutions (e.g., nanometer) would at least provide better insights on 

any multicomponent interactions within soil matrices. It is conceivable that with decreasing 

spatial scale of imaging, multi-element effects such as augmentation or inhibition of As 

accumulation, would become more separable with statistical analyses, with atomic scale 

resolution “conceptually” providing an ultimate separation of specific chemical bonding 

mechanisms of arsenate in a soil matrix. Analyses at high spatial resolutions would provide 

better insights to help connect information across scales. The significance of using spatial 

relationships between variables at a finer spatial scale to better understand the relationships 

observed in aggregated systems at larger scales is discussed by Robinson (1950). 

Our overarching goal was to determine whether the accumulation patterns of arsenate and 

other trace elements in soil matrices show stationarity (e.g., constant correlation coefficients) at 

different spatial scale of measurement. We hypothesize that at higher spatial resolution the 

effects of other co-localized elements in As accumulation will become more deconvolved within 

reactive micro-/nano-sites. Here, reactive micro-/nano-sites refer to the micro-/nano-scale soil 

volumes that is analytically isolated, analogous to microreactors described in Hesterberg et al. 

(2011) and Werner et al. (2017). The specific objectives of this study were to determine (i) how 
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As(V) accumulates in reactive soil nanosites of clay particles in relation to multiple co-localized 

chemical elements and particle crystallinity, and (ii) to determine if and how statistical models of 

element co-localization are affected by the spatial resolution of the measurements. In our case, 

the change in scale was created by merging data from the smallest measured units, i.e., the 

individual pixels (nanoscale) from the analyzed clay particles were merged into groups to create 

aggregate pixels (microscale). Spatial patterns of accumulated As were measured along with 

those of matrix elements using scanning transmission electron microscopy (STEM). Similarly, 

selected area electron diffraction (SAED) was used to identify the crystallinity of the analyzed 

particle. Statistical relationships were established using Pearson correlation and partial 

correlation to describe accumulated As in relation to the multi-element composition of the clay 

particles, and the correlation coefficients were compared between two spatial scales to determine 

stationarity. Findings from this research will provide insights to whether analyzing spatial 

relationships between soil components at finer spatial scales is a necessity in understanding the 

relationships observed at larger scales. 

 

2. MATERIALS AND METHODS  

2.1. Clay Fractionation 

Five different soil samples that were previously collected from environments with 

different redox conditions and organic carbon contents from across the Coastal Plain of North 

Carolina were used in this study. These are the same soil sampled for our sand-grain experiments 

in Chapter 2 and 3. The samples were stored in a refrigerator prior to use. Characterization data 

for these soil samples are provided in Chapter 2 and 3. Clay particles from each sample were 

fractionated by centrifuging the dispersed soil particles in a 250-mL centrifuge bottles. A 10 g 
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subsample of moist soil was dispersed in 200 mL of DI water (1:20 soil:water) by shaking on a 

reciprocating shaker at ambient temperature for 0.5 h at a (high) rate of 5.7 s-1. The shaken 

suspension was then sonicated for a total of 20 minutes at maximum power of a microtip in a 

continuous mode, stopping periodically to let the suspension cool, followed by overnight shaking 

(~20 h) on the reciprocating shaker at a lower rate (~1 s-1). Because the samples were not 

completely dispersed, each sample suspension was then adjusted to pH 9 by adding 0.1 M KOH 

to facilitate complete dispersion of the soil particles. The pH adjusted suspension was again 

dispersed by shaking on the reciprocating shaker at lower rate and sonicating for 5 min before 

centrifuging. The suspension was then centrifuged for 4 min. at 91 RCF to settle out the particles 

>2 µm, and the top 7 cm that contained clay (<2 µm equivalent spherical diameter according to 

Stoke's Law) particles were collected. The DI water was added to the settled sand and silt 

fraction, shaken vigorously by hand to resuspend the solids, and again centrifuged as above to 

collect and combine additional clay with that collected above. Each clay suspension was then 

adjusted to pH 5 by adding 10 mM HCl, shaking, and centrifuging at 16,266 RCF for 20 minutes 

to sediment the clay. The clay samples were washed four times by adding DI water, shaking for 

30 minutes at high rate, adjusting the suspension to pH 5, shaking an additional 15 minutes, 

centrifuging at 16,266 RCF for 20 minutes, and discarding the supernate. Finally, a stock clay 

suspension was prepared by adding 100 g of DI water to the washed clay solids and shaking for 

30 minutes at high rate to disperse the particles. The suspended solids concentrations, measured 

by drying subsamples at 110 °C, ranged between 0.4-1.8 g/kg suspension for the different soil 

samples. 
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2.2. Arsenate Adsorption on Clay Particles 

To analyze nanoscale spatial patterns of accumulated As in relation to matrix elements of 

clay particles, well-mixed subsamples of each stock clay suspension were reacted with As(V) at 

a target pH of 5.5. Well-mixed subsamples of each stock clay suspension were weighed into 50-

mL polycarbonate centrifuge tubes to achieve a final solids concentration of 0.25 gkg-1 in a 30 g 

suspension. Each sample was first diluted in DI water and vigorously stirred on a magnetic stirrer 

while slowly adding a 0.5 mL aliquot of 0.1 mM KH2AsO4 solution. The clay suspensions were 

periodically re-adjusted to pH 5.5 with 10 mM HCl throughout a 42-h equilibration period. Once 

the pH was stabilized, the samples were brought to the final mass of 30 g and then centrifuged at 

11,953 RCF for 20 minutes to separate solids. The As(V) reacted clay solids were washed twice 

by bringing the suspensions to 30 g with DI water, vigorously shaking on the shaker, and 

centrifuging at 11,953 RCF for 20 minutes. Additionally, to remove excess K and Cl from the 

samples, the suspensions were placed in a dialysis tubing and dialyzed in five 12-liter, acid-

washed, polypropylene containers using 8-L of DI water. The samples were dialyzed for a total 

of 21 h until a AgNO3 test showed no visible signs of AgCl precipitation. Based on macroscale 

measurement of the dissolved As concentrations in rinsate solutions, an average of 39% of the 

applied As(V) remained sorbed on the clay particles. Arsenic sorption was greatest in sample 

NH-mid (low-C), followed by GV (Fe-rich), Wagram (Al-rich), and NH-top (C-rich) soil 

samples. Lowest As sorption was found in soil with low Fe content, i.e., OS (low-Fe) sample.  

    

2.3. STEM Imaging of Clay Particles   

Within 30 minutes after the completion of dialysis, a 10-µL drop of well dispersed As(V) 

reacted clay suspension from each sample was pipetted onto five, 200-mesh Au support TEM 
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grids with carbon support film (TED PELLA, Inc.). The TEM grids were soaked by pipetting 

with suspension for 4 minutes, and particles deposited after removing excess suspension with a 

Kimwipe® were allowed to air-dry. The samples were analyzed using a Talos F200X G2 field 

emission gun Analytical Scanning Transmission Electron Microscope (S/TEM) operating at a 

voltage of 200 kV. High-angle Annular Dark-field (HAADF) images, along with Energy 

Dispersive X-ray Spectrometry (EDS) chemical compositional images and selected area electron 

diffraction (SAED) images were collected on 2-3 selected clay particles for each sample. The 

TEM mode for electron diffraction was operated at spot number 3, and the STEM mode was 

operated at spot number 5 to acquire more X-ray counts during EDS imaging. Note that the 

bigger the spot number, the smaller is the beam size. We used dwell times of 20 µs, 3 µs, and 1 s 

to collect HAADF, EDS, and SAED images, respectively. Each pixel size of STEM-EDS images 

ranged between 1.5 nm – 5.95 nm, depending on the magnification of images for different clay 

particles. The HAADF images helped to visualize the physical structure of the clay particles, the 

STEM-EDS images determined the spatial patterns of As and matrix elements, and the SAED 

images determined the particle crystallinity. 

 

2.4. Statistical Analyses 

The X-ray fluorescence net intensity data (background corrected) obtained from the 

STEM-EDS imaging were used for statistical analyses. The net intensity data were extracted as 

‘16 bit tiff files’ that generated data scaled between 0-1 for each element, with a precision of 

1/216 or 0.0039. We applied a square root transformation to these data to approximate a normal 

distribution, and analyzed the data to develop statistical relationships between accumulated As 

and soil matrix elements (Fe, Al, P, Si, Ti, Zn, Ca, Mn, Cr, and Ni). Note that Cu is not included 
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in the statistical analyses although it is detected because we could not differentiate whether the 

Cu signals were from our sample or from the TEM sample holder. Statistical analyses included 

Pearson correlation and partial correlation to determine if there is a consistent trend in As 

accumulation pattern at different spatial resolutions. In this chapter, we have also tried to analyze 

individual and aggregate correlations to determine whether the correlation between variables 

(i.e., As and matrix elements) at an aggregated level could be deduced from the correlation of the 

variables collected as individual pixels composing the aggregate. Individual and aggregate 

correlation analyses were conducted on ‘Particle 1’ of the Fe-rich soil (GV). We chose to run 

aggregate correlation analyses for this particle because we obtained better total signals (~1-

million total counts) compared to other particles, which is more quantifiable. The integrated 

spectrum for As from the entire particle and from high and low As regions of this sample are 

shown in Fig. S1. For data analyses, first the full data matrix for this sample was binned by 

summing the neighboring values that are adjacent in the matrix to diminish the noise. The sample 

was then grouped into two regions based on the highest and lowest As signals excluding 

background pixels of zero signal, and the individual and aggregate correlations were determined 

for both regions. The high-As and low-As regions had 99,000 and 51,750 individual non-zero 

data points that were used to run individual correlations. For aggregate correlations, the 

elemental data matrix from the high and the low As regions were divided into 30 groups (i.e., n = 

30) based on spatial location, and the group means were calculated. Each group in high-As 

region contained 3,300 data points and in low-As region contained 1,725 data points. Then, the 

correlation analyses were conducted between As and matrix elements using the group means and 

compared with the same statistics obtained for the dataset of individual pixels. 
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3. RESULTS 

3.1. Spatial Distribution of As in Relation to Matrix Elements and Particle Crystallinity 

STEM-HAADF images, SAED images, and STEM-EDS images acquired on clay 

particles from Al-rich, Fe-rich, low-Fe, low-C, and C-rich soils are shown in Figs. 1─5, 

respectively. Arsenic was found to be distributed evenly across the particles without following 

the spatial pattern that is apparent for e.g., in Fe and/or Al images, in all three particles from 

Wagram (Al-rich) soil (Fig. 1), particle-2 of Fe-rich (GV) soil (Fig. 2b), particle-2 of low Fe 

(OS) soil (Fig. 3b), and both particles from NH-mid (low-C) and NH-top (C-rich) soils (Figs. 4 

and 5). However, some of the particles such as, particle-1 from the low-Fe (OS) sample (Fig. 3a) 

and particle-3 from the high-Fe (GV) sample (Fig. 2c), showed a clear pattern of As 

accumulating preferentially in the Fe-rich regions rather than in Al-rich regions. In fact, along 

with Fe, other elements such as Ti, Zn, Mn, Ca, Cr, and Ni were also co-localized in these 

regions. The SAED images showed that the phase of most of the clay particles were crystalline 

in nature, as indicated by spot patterns [e.g., Al-rich (Wagram) sample ─ Fig. 1a-c; Fe-rich (GV) 

sample ─ Fig. 2c; low-C (NH-mid) sample ─ Fig. 4b, and C-rich (NH-top) sample ─ Fig. 5a] 

and sharp rings [e.g., Fe-rich (GV) sample ─ Fig. 2a-b]. However, some of the phases analyzed 

were found to be poorly crystalline or amorphous in nature, as indicated by diffused rings (e.g., 

low-C (NH-mid) sample ─ Fig. 4a; low-Fe (OS) sample ─ Fig. 3a; C-rich (NH-top) sample ─ 

Fig. 5b].  

 

3.2. Relationship Between As and Native Matrix Elements in Clay Particles 

  Accumulated As showed significant Pearson correlations (at α = 0.05) with all elements 

in all clay particles analyzed (Table 1). The Pearson correlation coefficient was >0.20 and ranged 
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between 0.21-0.85. However, when partial correlation analysis was conducted to account for the 

effects of co-localized matrix elements on As accumulation, the partial correlation coefficients 

between As and matrix elements were less than 0.07 for most of the elements and were 

significant at α = 0.05. For comparison, the partial correlation coefficients between P and Fe in 

some of the samples (e.g., particle-2 of Fe-rich sample GV, particle-1 of C-rich sample NH-top, 

particle-1 and 2 of low-C sample, and particle-2 of low-Fe sample ) were >0.15, ranging between 

0.15-0.50 (Table 2). The greater partial correlation coefficients between P and Fe compared to 

As and Fe implies that native P in the clay matrix might have likely bound to Fe oxides. In fact, 

arsenate and phosphate are known to compete for the same binding sites (Jain and Loeppert, 

2000; Smith et al., 2002; Violante and Pigna, 2002).  

 

3.3. Relationship Between Accumulated As and Particle Crystallinity 

The phase/crystallinity of the particle did not seem to affect the amount of As 

accumulation in the samples analyzed. For example, even if the two clay particles i.e., particle-1 

and particle-2 from ‘NH-top’ (C-rich) soil, were crystalline vs. amorphous in nature, the 

amorphous clay particle accumulated only 1.6 times greater As than in the crystalline particle, as 

indicated by the total cumulative signal for As. On the contrary, in particles from the low-C 

sample (NH-mid), As accumulation in the amorphous particle was 1.5 times lower than in 

crystalline particle. Moreover, even if we considered only the crystalline particles from a specific 

sample [e.g., particles from Fe-rich (GV) or Al-rich (Clayton) sample], we could still find 

variations in the amount of accumulated As across the clay particles of the same phase as 

indicated by variations in total cumulative As signals (Figs. 1 and 2). In general, it seems that the 

elemental composition of the soil matrix was more responsible for As accumulation than the 
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crystallinity of the particles. The crystallinity of the particles showed no apparent trend with the 

amount of As accumulation in relation to matrix composition, probably because of the 

dominating effect of co-localized elements on As accumulation at the nanoscale as discussed 

below. 

 

3.4. Relationship Between As and Soil Matrix Elements At Different Spatial Scales 

We analyzed individual (binned) data that had a spatial scale of 55 nm and aggregate data 

that had a spatial scale of 95 µm (for low-As region) and 182 µm (for high-As region), to 

determine if As showed consistent trend at these spatial scales. Analyses of individual and 

aggregate correlations on high and low As regions of particle-1 from the Fe-rich sample showed 

variation in correlation results (Table 3 and 4). The correlations between As and matrix elements 

for the individual and aggregate data in the high and low As regions can be visualized in the 

scatter plots in Figs. 6 and 7. The Pearson correlation coefficients obtained between As and clay 

matrix elements from aggregate correlation analysis were higher and better separated in 

magnitude between elements than those obtained from correlation analysis of individual pixels. 

Similarly, the partial correlation coefficients obtained from aggregate correlation analysis were 

greater but showed non-significant negative trend for most elements compared with the 

significant positive trend in individual correlation analysis. Furthermore, the Pearson correlation 

coefficients obtained between As and clay matrix elements from individual and aggregate 

correlation analyses were not much different in magnitude between high and low As regions. 

However, the partial correlation coefficients from aggregate correlation analysis in high-As 

region were significant (α = 0.05) only between As and Al, Si, Ti, and Zn, whereas none of the 

elements showed significant correlations with As in low-As region. In general, the variation in 
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Pearson and partial correlation coefficients found between the individual and aggregate data 

suggested that soil systems do not show stationarity across different spatial scales. 

Comparison of partial correlation coefficients obtained from analyses of clay particles 

and previously analyzed sand particles, which were fractionated from the same soil subsample, 

showed variations in results.  Our results showed greater partial correlation coefficients between 

As and native matrix elements for sand grains that were analyzed using µ-XRF (Table 1 in 

Chapter 2; Table 2 in Chapter 3). These results indicate that the apparent relative contributions of 

individual matrix elements to As binding are greater in sand grains compared to clay particles, 

probably because the data are more averaged across microscale. However, the effects of co-

localized elements were more pronounced in clay particles as inferred by very low partial 

correlation coefficients (Table 1). This variation in results could also be due to the differences in 

analytical sensitivity between STEM/EDS and µ-XRF.  

 

4. DISCUSSION 

Soil complexities present an analytical paradox related to spatial scaling. Information 

about the net effects of integrated processes operating at scales that can be managed is gained 

through large scales (e.g., landscapes, regional etc.) research analyses, but these measurements 

cannot go beyond inferring the underlying drivers of the processes. On the other hand, analyses 

at very small scales (millimeter, micrometer, nanometer) can provide information about 

underlying mechanisms that control processes operating at larger scales, but the models 

developed are overly simplified in the context of the bigger picture. In this study, we employed 

“The Reactive Microsite Model” to address geochemical complexity in determining the behavior 
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of As, and we tried to develop a connection between information gained at different spatial 

scales. 

Our results from Pearson correlation and partial correlation analyses of clay particles 

indicated that the spatial relationship of As with any of the clay matrix elements is conditionally 

dependent on other co-localized matrix elements present as inferred from the very low partial 

correlation coefficients compared to Pearson correlation coefficients. Such conditional 

dependence of accumulated As on co-localized matrix elements suggests the possible 

interactions between matrix elements in affecting As retention. For example, interactions 

between Fe and Mn oxides are known to regulate the dissolved concentration of As (Gillispie et 

al., 2016; Ying et al., 2012). Furthermore, the variations in coefficients were obtained between 

correlation analyses of individual (nanometer scale) vs. aggregate (micrometer scale) data for 

one of the Fe-rich clay particles (Table 3 and 4). The lower partial correlation coefficients in 

individual data inferred that the effect of co-localized elements on As retention was more 

pronounced at the finer scale. Our result is conceivable because increasing spatial resolution of 

analyses on heterogeneous geochemical systems reveals substructure within structure, and the 

effects of less dominant elements on As accumulation is unmasked. Overall our results provide 

implication for upscaling information. Analyses of a geochemical system at a finer spatial 

resolution could benefit from gaining better insights about the effects of co-localized elements 

(or the interactive effects) on As retention. Moreover, complementing statistical models with 

chemical/physical models, for e.g., combining imaging data with speciation data, should provide 

deeper understanding for connecting chemical information across scales. Nevertheless, analyses 

at a coarser spatial resolution would gain greater statistical meaning by statistically analyzing 

ensembles of data, i.e., the averages, rather than analyzing individual data points. Ideally, 
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integration of information at multiple scales (e.g., macro-micro-nano-scales) would be useful to 

improve the connectivity of data, while ensuring the information obtained has a high degree of 

specificity and is also representative of the larger-scale soil matrix.     

Furthermore, the insights gained from our clay particle analyses also has a relevance in 

the context of analyzing geochemical matrices for determining speciation using bulk vs. 

micro/nano spectroscopic analyses. We can consider the data obtained from bulk analyses as 

group means (aggregate data) and the data obtained from micro/nano analyses as the individual 

data that belong to that group. For example, if we consider the aggregate/bulk data, the bulk 

analyses might not accurately represent the true diversity of chemical species as the highly 

resolved spectroscopic analyses would represent, which has been observed in previous studies 

(Hesterberg et al. 2017; Toner et al. 2014). Collectively, our results and findings from previous 

literature suggest why understanding spatial relationships between variables at a finer spatial 

scale is critical to understanding the relationships observed in aggregated systems at larger 

scales. Further studies in this field is required to develop an efficient approach for integrating and 

connecting information across spatial scales.    

 

5. CONCLUSIONS 

This research determined the spatial co-localization of As and matrix elements on clay-

sized particles utilizing highly resolved STEM imaging technique to understand the chemical 

behavior of arsenic as affected by soil complexities, and across different spatial scales. Our 

statistical results from individual and aggregate data inferred more pronounced effects of co-

localized elements on As accumulation when clay particles were analyzed at the nanoscale 

compared to the microscale. Therefore, our results suggest that the information from complex 
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soil systems could be possibly upscaled. Moreover, complementary chemical/physical models 

(such as speciation or mineralogy data) in addition to our statistical models from our imaging 

data provides better inference about soil As reactivity and a more strong basis for upscaling 

information. Also, for my samples, the effect of co-localization of matrix elements appear to play 

a greater role than the crystallinity of the particles in affecting As accumulation. Finally, 

fundamental knowledge about relationships between outcomes of measurements taken across 

micrometers to nanometers would improve the connectivity of data on biogeochemical properties 

of soils and other environmental systems collected at different spatial scales. This research has 

set the stage for future studies that involves developing stochastic/deterministic hybrid models in 

understanding the behavior of As at different scales and connecting information across scales.      
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Figure 1. Images of STEM-HAADF (top-left), SAED (top-right), and STEM-EDS (colored per 
element) acquired on three different clay particles collected from Al-rich (Wagram) soil. a. Clay 

particle-1 [The normalized maximum net intensity values obtained for different elements are: 
0.24 (As), 1 (Fe), 1 (Al), 0.52 (P), 1 (Si), 1 (Ti), 0.24 (Zn), 0.39 (Ca), 0.21 (Cr), 0.31 (Mn), 0.21 
(Ni), 1 (Cu)]. b. Clay particle-2 [The maximum net intensity obtained for different elements are: 
0.19 (As), 1 (Fe), 1 (Al), 0.36 (P), 1 (Si), 1 (Ti), 0.21 (Zn), 0.23 (Ca), 0.24 (Cr), 0.25 (Mn), 0.28 
(Ni), 1 (Cu)]. c. Clay particle-3 [The maximum net intensity obtained for different elements are: 
0.21 (As), 1 (Fe), 1 (Al), 0.41 (P), 1 (Si), 1 (Ti), 0.24 (Zn), 0.42 (Ca), 0.25 (Cr), 0.24 (Mn), 0.23 

(Ni), 0.98 (Cu)]. 
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Figure 2. Images of STEM-HAADF (top-left), SAED (top-right), and STEM-EDS (colored per 
element) acquired on three different clay particles collected from Fe-rich (GV) soil. a. Clay 

particle-1 [The normalized maximum net intensity values obtained for different elements are: 
0.33 (As), 0.56 (Fe), 1 (Al), 1 (P), 1 (Si), 0.58 (Ti), 0.5 (Zn), 0.63 (Ca), 0.49 (Cr), 0.45 (Mn), 
0.47 (Ni), 0.52 (Cu)]. b. Clay particle-2 [The maximum net intensity obtained for different 

elements are: 0.20 (As), 1 (Fe), 1 (Al), 0.52 (P), 1 (Si), 1 (Ti), 0.21 (Zn), 0.31 (Ca), 0.19 (Cr), 
0.61 (Mn), 0.20 (Ni), 0.73 (Cu)]. c. Clay particle-3 [The maximum net intensity obtained for 

different elements are: 0.60 (As), 1 (Fe), 1 (Al), 1 (P), 1 (Si), 1 (Ti), 0.79 (Zn), 0.62 (Ca), 0.48 
(Cr), 0.39 (Mn), 0.46 (Ni), 1 (Cu)].
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Figure 3. Images of STEM-HAADF (top-left), SAED (top-right), and STEM-EDS (colored per 
element) acquired on two different clay particles collected from low-Fe (OS) soil. a. Clay 

particle-1 [The normalized maximum net intensity values obtained for different elements are: 
0.59 (As), 1 (Fe), 1 (Al), 1 (P), 1 (Si), 1 (Ti), 1 (Zn), 1 (Ca), 0.71 (Cr), 1 (Mn), 1 (Ni), 1 (Cu)]. b. 
Clay particle-2 [The maximum net intensity obtained for different elements are: 0.30 (As), 0.69 
(Fe), 1 (Al), 1 (P), 1 (Si), 0.73 (Ti), 0.68 (Zn), 1 (Ca), 0.28 (Cr), 0.32 (Mn), 0.28 (Ni), 1 (Cu)].
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Figure 4. Images of STEM-HAADF (top-left), SAED (top-right), and STEM-EDS (colored per 
element) acquired on two different clay particles collected from low-C (NH-mid) soil. a. Clay 
particle-1 [The normalized maximum net intensity values obtained for different elements are: 

0.31 (As), 1 (Fe), 1 (Al), 1 (P), 1 (Si), 0.61 (Ti), 0.32 (Zn), 0.41 (Ca), 0.39 (Cr), 0.75 (Mn), 0.36 
(Ni), 1 (Cu)]. b. Clay particle-2 [The maximum net intensity obtained for different elements are: 
0.38 (As), 1 (Fe), 1 (Al), 0.60 (P), 1 (Si), 0.44 (Ti), 0.36 (Zn), 0.51 (Ca), 0.35 (Cr), 0.34 (Mn), 

0.33 (Ni), 1 (Cu)].
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Figure 5. Images of STEM-HAADF (top-left), SAED (top-right), and STEM-EDS (colored per 
element) acquired on two different clay particles collected from C-rich (NH-top) soil. a. Clay 
particle-1 [The normalized maximum net intensity values obtained for different elements are: 

0.27 (As), 1 (Fe), 1 (Al), 0.73 (P), 1 (Si), 1 (Ti), 0.28 (Zn), 0.51 (Ca), 0.30 (Cr), 0.56 (Mn), 0.23 
(Ni), 1 (Cu)]. b. Clay particle-2 [The maximum net intensity obtained for different elements are: 
0.34 (As), 0.85 (Fe), 1 (Al), 0.54 (P), 1 (Si), 0.37 (Ti), 0.37 (Zn), 0.46 (Ca), 0.37 (Cr), 0.35 (Mn), 

0.31 (Ni), 1 (Cu)].



148 

a.  



149 

 



150 

b.  



151 

 

  



152 

 

 

Figure 6. Scatter plots of As and matrix elements analyzed for the high-As region in particle-1 
of Fe-rich (GV) soil using the individual data (top) and aggregate data (bottom). The elements 
represent square-root transformed net-intensity signals. Red lines represent the regression line. 
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Figure 7. Scatter plots of As and matrix elements analyzed for the low-As region in particle-1 of 
Fe-rich (GV) soil using the individual data (top) and aggregate data (bottom). The elements 
represent square-root transformed net-intensity signals. Red lines represent the regression line.  
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Table 1. Pearson correlation (r) and partial correlation (r’) coefficients obtained between square root-transformed arsenic and detected 
clay matrix elemental data for different soil types. 

Wagram (Al-rich soil) GV (Fe-rich soil) OS (low-Fe soil) NH-mid (low-C soil) NH-top (C-rich soil) 
 Particle 1 

n = 410836 
Particle 2 

n = 404924 
Particle 3 

n = 357120 
Particle 1 

n = 611776 
Particle 2 

n = 658720 
Particle 3 

n = 671200 
Particle 1 

n = 449064 
Particle 2 

n =283305 
Particle 1 

n = 511741 
Particle 2 

n = 576716 
Particle 1 

n = 388310 
Particle 2 

n = 459750 
  r r' r r' r r' r r' r r' r r' r r' r r' r r' r r' r r' r r' 

Al 0.51 0.05 0.51 0.04 0.57 0.04 0.67 0.04 0.40 0.03 0.49 -0.01 0.80 0.00 0.30 0.00 0.72 -0.01 0.77 0.04 0.69 -0.01 0.78 -0.01 

Ca 0.44 0.00 0.38 0.00 0.53 0.03 0.65 0.04 0.28 0.01 0.54 0.03 0.76 -0.03 0.31 0.00 0.69 0.01 0.70 0.02 0.67 0.03 0.73 -0.01 

Cr 0.35 0.01 0.34 0.02 0.42 0.01 0.61 0.02 0.21 0.00 0.49 0.03 0.76 0.00 0.22 0.00 0.65 0.01 0.63 0.03 0.59 0.02 0.70 -0.01 

Fe 0.49 0.01 0.39 0.00 0.51 -0.02 0.60 0.02 0.36 0.06 0.55 0.03 0.71 0.05 0.33 0.03 0.77 0.11 0.71 -0.05 0.71 0.11 0.71 0.02 

Mn 0.45 0.00 0.38 0.00 0.47 0.00 0.60 0.02 0.29 0.02 0.51 0.01 0.79 0.01 0.24 0.01 0.75 -0.01 0.68 0.02 0.70 0.02 0.70 0.00 

Ni 0.35 0.01 0.35 0.01 0.42 0.02 0.59 0.05 0.23 0.00 0.51 0.03 0.82 0.04 0.26 0.01 0.64 0.02 0.61 0.03 0.60 0.02 0.71 0.02 

P 0.43 0.02 0.41 0.00 0.49 0.02 0.68 0.06 0.29 0.01 0.59 0.04 0.78 0.02 0.36 0.02 0.75 0.02 0.67 0.00 0.68 0.00 0.75 0.00 

Si 0.51 0.01 0.51 0.02 0.57 0.02 0.68 0.06 0.39 0.03 0.49 0.03 0.79 0.03 0.27 0.00 0.66 0.00 0.77 0.04 0.68 0.07 0.81 0.13 

Ti 0.43 0.01 0.30 0.02 0.49 0.02 0.63 0.03 0.23 0.04 0.55 0.15 0.76 -0.01 0.26 0.01 0.72 0.02 0.68 0.03 0.55 0.03 0.73 0.02 

Zn 0.32 0.02 0.30 0.01 0.37 0.00 0.56 0.03 0.22 0.01 0.56 0.05 0.80 0.02 0.33 0.02 0.62 0.03 0.64 0.04 0.58 0.00 0.70 0.02 

Coefficients that are italicized were non-significant at α = 0.05 
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Table 2. Pearson correlation (r) and partial correlation (r’) coefficients obtained between square root-transformed phosphorus and 
detected clay matrix elemental data for different soil types. 

Wagram (Al-rich soil) GV (Fe-rich soil) OS (low-Fe soil) NH-mid (low-C soil) NH-top (C-rich soil) 
 Particle 1 

n = 410836 
Particle 2 

n = 404924 
Particle 3 

n = 357120 
Particle 1 

n = 611776 
Particle 2 

n = 658720 
Particle 3 

n = 671200 
Particle 1 

n = 449064 
Particle 2 

n =283305 
Particle 1 

n = 511741 
Particle 2 

n = 576716 
Particle 1 

n = 388310 
Particle 2 

n = 459750 
  r r' r r' r r' r r' r r' r r' r r' r r' r r' r r' r r' r r' 

As 0.43 0.02 0.41 0.00 0.49 0.02 0.68 0.04 0.29 0.01 0.59 0.04 0.78 0.02 0.36 0.02 0.75 0.02 0.67 0.00 0.68 0.00 0.75 0.00 
Al 0.81 0.10 0.80 0.10 0.85 0.06 0.91 -0.29 0.65 0.05 0.65 0.02 0.85 0.08 0.69 0.07 0.91 0.08 0.88 0.06 0.88 0.04 0.90 0.03 
Ca 0.70 0.01 0.61 0.02 0.78 0.03 0.89 -0.04 0.49 0.04 0.69 0.03 0.85 0.09 0.54 -0.33 0.87 0.03 0.80 0.05 0.85 0.03 0.85 0.01 
Cr 0.55 0.02 0.52 0.01 0.62 0.02 0.84 -0.12 0.37 0.01 0.60 0.02 0.81 0.02 0.48 0.04 0.82 0.03 0.70 0.00 0.75 0.01 0.81 0.00 
Fe 0.80 0.15 0.66 0.11 0.79 0.10 0.82 -0.35 0.66 0.22 0.70 0.09 0.73 -0.01 0.75 0.15 0.97 0.50 0.88 0.27 0.92 0.40 0.81 0.03 
Mn 0.72 0.01 0.61 0.01 0.70 0.01 0.83 0.39 0.54 0.07 0.64 0.02 0.84 0.05 0.55 0.07 0.95 0.04 0.81 0.03 0.90 0.01 0.81 0.02 
Ni 0.55 0.01 0.54 0.01 0.61 0.01 0.79 0.03 0.39 0.01 0.62 0.03 0.87 -0.01 0.57 0.07 0.80 0.03 0.69 0.01 0.76 0.01 0.81 0.00 
Si 0.80 0.01 0.79 0.04 0.85 0.06 0.93 0.68 0.65 0.03 0.66 0.07 0.83 -0.06 0.64 -0.01 0.81 -0.22 0.88 0.01 0.85 0.10 0.93 0.26 
Ti 0.68 0.02 0.47 0.06 0.72 0.02 0.87 -0.02 0.38 0.05 0.62 0.28 0.82 0.02 0.57 0.08 0.92 0.03 0.79 0.05 0.71 0.13 0.83 0.02 
Zn 0.50 0.02 0.46 0.01 0.55 0.02 0.76 -0.01 0.37 0.01 0.66 0.04 0.87 0.18 0.84 0.41 0.78 0.02 0.72 0.02 0.75 0.01 0.81 0.02 

Coefficients that are italicized were non-significant at α = 0.05 
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Table 3. Comparison of individual and aggregate correlations analyzed on binned data between 
As and clay matrix elements for high-As region in particle-1 sampled from Fe-rich soil (GV). 
Pearson correlation (r) and partial correlation (r’) coefficients for individual correlations were 
obtained from individual dataset and aggregate correlations were obtained from grouped means. 
Each of the groups contained 3,300 data points. The data were square root-transformed for 
analysis. 

  Individual Correlation (n = 99000) Aggregate Correlation (n = 30) 
  r r' r r' 

Al 0.63* 0.04* 0.98* -0.47* 
Ca 0.61* 0.06* 0.98* -0.40 ns 
Cr 0.56* 0.03* 0.98* -0.14 ns 
Fe 0.56* 0.01ns 0.99* 0.12 ns 
Mn 0.55* 0.01* 0.98* -0.28 ns 
Ni 0.54* 0.04* 0.99* 0.31 ns 
P 0.64* 0.05* 0.98* 0.14 ns 
Si 0.65* 0.10* 0.99* 0.55* 
Ti 0.58* 0.01* 0.99* 0.55* 
Zn 0.53* 0.05* 0.98* 0.46* 

ns non-significant at α = 0.05; * significant at α = 0.05 

 

Table 4. Comparison of individual and aggregate correlations analyzed on binned data between 
As and clay matrix elements for low-As region in particle-1 sampled from Fe-rich soil (GV). 
Pearson correlation (r) and partial correlation (r’) coefficients for individual correlations were 
obtained from individual dataset and aggregate correlations were obtained from grouped means. 
Each of the groups contained 1,725 data points. The data were square root-transformed for 
analysis. 

  Individual Correlation (n = 51750) Aggregate Correlation (n = 30) 
  r r' r r' 

Al 0.54* 0.05* 0.97* -0.04 ns 
Ca 0.49* -0.02* 0.96* -0.07 ns 
Cr 0.45* 0.01* 0.96* -0.03 ns 
Fe 0.46* 0.05* 0.97* 0.35 ns 
Mn 0.44* 0.01* 0.96* -0.26 ns 
Ni 0.45* 0.06* 0.96* 0.40 ns 
P 0.56* 0.09* 0.97* 0.11 ns 
Si 0.56* 0.07* 0.97* 0.42 ns 
Ti 0.48* 0.01* 0.96* -0.24 ns 
Zn 0.4* 0.03* 0.94* 0.12 ns 

ns non-significant at α = 0.05; * significant at α = 0.05 
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CHAPTER 5 

CONCLUSIONS 

The research in this dissertation was based on a “Reactive Microsite Model”, which 

provides a framework for addressing how geochemical complexity affects As reactivity in 

complex (multi-component) systems and for integrating information derived from multiple 

analyses at different spatial scales. The geochemical effects of multiple co-localized soil 

elements (as proxies to soil solids) on As reactivity were elucidated by combining synchrotron 

X-ray fluorescence microprobe imaging (µ-XRF) and absorption spectroscopy (µ-XANES), and 

scanning transmission electron microscopy (STEM), along with statistical methods including 

partial correlation and spatial regression models. More specifically, our results evaluated (1) 

effects of multiple co-localized matrix elements in soil microsites on As reactivity; (2) whether 

effects of co-localized matrix elements on As retention was consistent across soil pedogenic 

environments; and (3) dependence of spatial patterns of both soil elements and reacting As on 

the scale of observation from microns to nanometers. 

In the first experiments, our results suggested that the advanced analytical and statistical 

approaches employed in this study are useful for inferring decoupled effects of co-localized 

matrix elements that significantly contributed to As accumulation. Our statistical results on 

element co-localization from a single sand grain inferred that Fe and Al (hydr)oxides 

predominantly affected As accumulation in soil matrices, and Ca and Ti-bearing solids appeared 

to impart minor enhancement on accumulation of As. Extending our statistical approaches to a 

second set of experiments also inferred a strong effect of Fe and Al (hydr)oxides on As 

accumulation. Additionally, we found that the extent of As-Fe relationship varied across 

different pedogenic environments, and the co-localized Mn, Ti, and Zn-bearing solids appear to 
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enhance As retention in most grains. In general, the combination of results from our first and 

second set of experiments, derived from a limited number of sand grains and 10 detected 

elements, suggested that regardless of the multi-element complexity of soils, models to predict 

As(V) accumulation on soil particles can focus on a limited number of dominant elements 

present (typically three to four) with most other elements present having only minor effects. 

However, soil heterogeneity persists at all spatial scales and therefore soil variabilities across 

pedogenic environments that are not represented in this study should also be considered for 

accurate prediction of As retention and mobility across a wide range of soils. My findings from 

the third set of experiments on clay-sized particles suggested that the effects of co-localized 

matrix elements and reacting As are not stationary across different spatial scales. The effects of 

co-localized elements were found to be more pronounced for the individual data (nanometer 

scale) than for the aggregate data (micrometer scale), inferred from the Pearson correlation and 

partial correlation coefficients. We concluded from our third experiment that analyses at higher 

spatial resolutions are important to gain better insights on interactive effects of co-localized soil 

matrix elements on As retention. These results provided implication for upscaling information. In 

essence, statistical models complemented by chemical models are needed at different spatial 

scales to understand the relationships between soil components and connect chemical 

information across scales. 

The research presented in this dissertation has advanced our current understanding of the 

effects of soil complexities on As retention and has made novel contribution to science. A unique 

combination of analytical and statistical approaches developed in this research for assessing 

effects of co-localized chemical elements in soil solids on As retention are transferable to spatial 

datasets from other geochemical matrices. A technique developed here to directly image the 
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same soil matrix area using synchrotron µ-XRF before and after chemical treatment will provide 

means to assess behavior of trace elements during short-term reactions that can occur in soils. A 

combination of X-ray and electron microprobe analyses provides complementary spatial and 

chemical information on trace element reactivity in soil matrices across a range of spatio-

analytical scales. Each scale provides a unique perspective on complex soil systems and 

therefore the integration of knowledge gained at different spatial scales will provide better 

insights that are critical for enhancing decision-making process for effective management of 

contaminated soils. Similarly, the novel approach demonstrated for combining µ-XANES spectra 

by chemical-compositional grouping of geochemical microsites guided by spatial statistical 

analyses could potentially be useful to improve trace element speciation in geochemical 

microsites of low contents. In summary, including the analytical and statistical approaches 

described here in a broader suite of complementary analyses should enhance our ability to 

determine trace-element binding mechanisms in soils and other complex, multi-component 

geochemical matrices.  
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Appendix A (Supporting Information for Chapter 2) 
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ADDITIONAL METHODS 

µ-X-ray Fluorescence Imaging and Peak Fitting for Data Collected on the SRX 

Beamline. X-ray fluorescence images across ROI-100 were acquired on the SRX Beamline (5-

ID) at NSLS-II, Brookhaven National Laboratory in Upton, NY to assess the spatial distribution 

of matrix elements and accumulated As in the sand-grain surface coating. The incident energy 

was 13.5 keV and the nominal beam spot size was ~1 µm x 1 µm, controlled by a Si(111) 

monochromator and Kirkpatrick-Baez (KB) mirrors. The synchrotron ring current was constant 

at 150 mA. Following are details of µ-XRF image acquisition. 

Detector set up. A three-element, Vortex silicon drift detector was set at an angle of ~ 

87° relative to the incident beam (close to the optimal 90°) to minimize the elastic scattering 

signal. Also, the sample stage itself was rotated by ~13° away from a position perpendicular to 

the beam to decrease surface topography effects on the fluorescence signal, at the expense of an 

elongation of the beam spot along the x-axis of the sample. To further minimize scattering due to 

the uneven topography of the sand grain surface, the height of the detector was adjusted until all 

three detectors measured similar fluorescence signals at 13.5 keV incident energy. 

Assessing elemental spatial distribution. A thinly coated 100 µm x 100 µm region (ROI-

100) was selected on the surface of the sand grain using an optical microscope. To initially 

assess fluorescence signal intensities from soil matrix elements, a coarse navigation image was 

collected across ROI-100 by step scanning with a 2.5 µm step size and 0.5 s dwell time at an 

incident-beam energy of 13.5 keV. ROI-100 was imaged prior to treatment with As(V) to ensure 

minimal As background and to assess the initial spatial distribution of matrix elements. Images 

were acquired by raster scanning in step-scan mode at 13.5 keV using 0.5 µm step size, and 0.5 s 

dwell time. The grain was then treated with pH 5, 0.1 mM aqueous KH2AsO4 solution as 
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described in the main text, remounted, and the alignment was refined statistically in post-

processing (discussed in the main text). Images were recollected on ROI-100 after treatment with 

As(V) solution using the same parameters used for acquiring images before treatment.  

Detector Multi-channel Analyzer (MCA) spectrum fitting. We observed differences 

between fluorescence signals received by each of the three Vortex silicon-drift detector elements, 

presumably because of natural topographic roughness of the non-polished sand grain surface at 

ROI-100. Signals from two of the detector elements were unreliable, therefore we did not merge 

data from the three elements. We used the fluorescence data from only one detector element for 

analysis. To separate fluorescence signals from individual chemical elements, the signals from 

all pixels in ROI-100 were summed to enhance those from low-concentration elements, and a 

model was fit to the summed full detector spectrum using the software package PyXRF (Li et al., 

2017). This model was then fit to the spectra from individual pixels to produce images of each 

element of interest. 

 

µ-X-ray Fluorescence Imaging for µ-XANES Spectroscopy on the XFM Beamline.  

X-ray fluorescence images across ROI-200 were acquired on the XFM Beamline (4-BM) at 

NSLS-II, Brookhaven National Laboratory in Upton, NY to select spots for As K-edge µ-

XANES. The nominal beam spot size was 2 µm x 2 µm, and the beam current was constant at 

400 mA. The incident energy and the beam spot size was controlled by a Si(111) 

monochromator and Kirkpatrick-Baez (KB) mirrors. Following are details of µ-XRF image 

acquisition. 

Detector set up. A four-element, Vortex silicon-drift detector was set at an angle of 45° 

relative to the sample to yield maximum fluorescence signals. 



164 

Assessing elemental spatial distribution. To create an image on the XFM beamline that 

included ROI-100 imaged at the SRX beamline, coarse navigation images of Fe and As that was 

four times larger than ROI-100 were collected based on physical features visible on the sand 

grain with a light microscope. The location of ROI-100 was refined by comparing features in µ-

XRF-images from both beamlines, then, a 200 µm x 200 µm µ-XRF image (ROI-200) of Fe and 

As that encompassed ROI-100 was collected (Fig. S2) to select spots for µ-XANES analysis. 

The images at the XFM beamline were created at 12.7 keV incident X-rays with 3 µm step size 

and 1 sec dwell time. The fluorescence spectra from a multichannel analyzer were converted to 

element-specific fluorescence intensities at each image pixel using the software package Larch, 

with 300 eV windows bracketing known Kα fluorescence energies of each element (GitHub, 

2018). 

Collecting Arsenic K-edge µ-XANES Spectra. The µ-XANES spectra were collected 

across ROI-200 and ROI-10b as point XANES at energies between 11767 and 12117 eV, using a 

2 µm step size and 10 s dwell time at each energy. Energy step sizes were 5 eV between 11767 

and 11852 eV (baseline), 0.5 eV between 11852 and 11882 eV (edge region), 1 eV between 

11882 and 11917, 2 eV between 11917 and 11997, and 5 eV between 11997 and 12117 eV. 

   

Linear Combination Fitting (LCF) Analysis of Arsenic K-edge µ-XANES Spectra. 

Arsenic K-edge µ-XANES spectra were fit to develop speciation models for accumulated As 

analyzed at the NSLS-II XFM Beamline across both ROI-200 (6 spectra) and ROI-10b (25 

spectra). The spectra were normalized as described in the main text. The two approaches to LCF 

analyses described next were performed using IFEFFIT under the Athena interface (Ravel and 

Newville, 2005) at various stages of modeling the sets of 6 or 25 µ-XANES spectra. 
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I. Modified Manceau Approach: In this standard elimination approach, a given sample 

spectrum was fit simultaneously with spectra from all 12 standards, allowing both positive and 

negative proportions of standards with no energy shifts allowed on the sample or standards. The 

standard spectra fit with the most negative proportion was removed from the set, and the sample 

was fit again with the remaining standards. This standard-elimination process was repeated, each 

time eliminating the standard that had the most negative proportion (or in some cases, least 

positive proportion less than ~5%) until a final set of standards (typically 2 or 3) with 

proportions ≥5% fit the sample.  To create a “reference fit”, these final standards were again 

used, but a maximum energy shift of ±0.25 eV (one-half of the energy step size across the edge) 

was allowed on each standard to account for any minor calibration errors between beamlines. If 

the calculated energy shift for any standard was greater than ±0.25 eV, then the shift for that 

standard was set at the ±0.25 eV limit. A sequence of fits allowing ±0.25 eV energy shift was 

then performed by individually re-introducing each of the previously eliminated standards into 

the LCF analysis to seek a global best fit based on a minimum residual (R-factor in Athena) 

taken as the goodness-of-fit parameter. If a re-introduced standard yielded a positive coefficient 

≥5% and improved the R-factor of the fit by >10% relative to the reference fit or a previously 

better fit, then that standard was included in the set, any standards with <5% coefficient were 

eliminated, and all other standards were re-evaluated until a final fit with minimum R-factor 

(within 10%) was obtained with all standards contributing ≥5% to the overall sample fit. 

Weighting factors on fitting standards were not constrained, but were re-normalized to sum to 

100% (Kelly et al., 2008). The typical sum of weights on standards in fits to six µ-XANES 

spectra from ROI-200 and spectra from ROI-10b ranged from 91% to 104% and 95% to 125%, 

respectively, before renormalizing to 100%. 
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II. Combinatorics: Samples were also fit with all possible combinations (combinatorics) 

of up to three standards (286 fits total with 12 standards) as a consistency check on the modified 

Manceau approach for the set of six µ-XANES spectra from ROI-200, and as a secondary 

approach for selecting a subset of standards and constraining energy shifts in fitting the 25 µ-

XANES spectra from ROI-10b. In the combinatorial approach, unconstrained energy shifts were 

allowed for individual standards, but only fits in which all standards had proportions >10% and 

shifted by less than ±0.25 eV were considered acceptable fits. Weighting factors on fitting 

standards were constrained to be positive only, but were not constrained to sum to one. Standards 

in fits that had R-factors ≤10% greater than the fit with the lowest R-factor for a given sample 

spectrum were considered to be viable standards for modeling the data. Ultimately, both LCF 

approaches yielded the same sets of standards as being viable for each sample spectrum from 

ROI-200 and each of the four merged spectra for Fe quartiles in ROI-10b. Moreover, the mean 

energy shifts in combinatoric fitting to the two final standards selected from both LCF 

approaches applied to merged, quartile spectra from ROI-10b were -0.17± 0.29 (n = 24) and -

0.45 ± 0.1 (n = 27) for As(V)-ferrihydrite co-ppt and As(V)-boehmite standards, respectively. 

Consequently, when fitting the 25 individual µ-XANES spectra from ROI-10b, we fixed the 

energy shifts of these two standards at 0 and -0.45 eV for all fits to assess variations in spectra 

across the 10 µm x 10 µm spatial domain based on proportions of standards and goodness-of-fit 

(R-factors) only, without confounding effects of minor energy shifts on the standards. 
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ADDITIONAL RESULTS 

Regression Models for Predicting As Accumulation in ROI-100. Eight different 

regression models: (i) a simple multiple linear regression with and without interaction terms, (ii) 

a spatial likelihood linear model with and without interaction terms, (iii) a non-linear regression 

model (second-order polynomial regression), and (iv) a spatial-likelihood non-linear model 

(polynomial regression with a spatial component) were evaluated to predict As accumulation as a 

function of elemental composition across ROI-100. Accumulation of As after treatment was 

predicted using the matrix elements Ca, Cr, Cu, Fe, Mn, Ni, Si, Ti, and Zn imaged before 

treatment. Backward variable selection was done using the Akaike Information Criteria (AIC) 

(Snipes and Taylor, 2014) to parameterize significant (α = 0.05) linear effects of the matrix 

elements. Variable selection procedures were conducted separately for non-spatial and spatial 

models. Comparison of simple multiple linear regression and spatial likelihood predictive models 

for ROI-100 are shown in Table S2 and Fig. S8.  

Model 1a. A backward stepwise multiple linear regression model developed for ROI-100 

showed that all elements analyzed were significant in predicting accumulated As, except Mn 

(Eq. S1).  

As = -5.69 + 0.84 Fe + 0.19 Zn + 0.1 Ca + 0.11 Ni – 0.1 Cu + 0.08 Cr – 0.07 Si+ 0.04 Ti + 

error    (R2 = 0.73)                                                                                            (S1),          

where, the elements listed reflect element-specific fluorescence signals measured across the 

image.  

Model 1b. An average empirical variogram plot of the residuals in Eq. S1 (Fig. S9) 

showed spatial autocorrelation, but the model in Eq. S1 does not account for this spatial 

autocorrelation in the residuals. Spatial autocorrelation refers to the decrease in correlation of 
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any element to itself as a function of distance from a given voxel, for example, when moving 

away from the peak of a hotspot. Therefore, to account for the spatial autocorrelation in the 

residuals, a spatial likelihood linear model (Guinness, 2018b; Guinness et al., 2014; Minasny and 

McBratney, 2005, 2007) (Eq. S2) was fitted using the predictor elements included in Eq. S1.  

As = 13.03 + 0.35 Fe + 0.02 Ti + 0.02 Zn(ns) + 0.01 Ca – 0.01 Si(ns) – 0.003 Cu(ns) + 

0.002 Cr(ns) – 0.002 Ni(ns) + error           (R2 = 0.47)                                                         (S2), 

where “ns” indicates elements that are non-significant at α = 0.05. The error (residuals) is 

assumed to follow a Gaussian process and a Matérn isotropic covariance function (Guinness, 

2018b). The Matérn covariance function describes the spatial covariance of a random variable 

process i.e., the covariance between measurements at two points separated by a given distance. 

Three non-negative parameters in the covariance function were variance, range, and smoothness. 

Variance measures the deviation of a random variable from its mean, range represents the 

distance to which data are correlated, and smoothness reflects the steepness of variations across 

small distances (Minasny and McBratney, 2005). 

If we compare the linear non-spatial and spatial models (Fig. S8: S1 and S2), the former 

model seemed to predict As fluorescence much better than the latter because the regression 

coefficients in the non-spatial model minimize the sum of squared errors, whereas the regression 

coefficients in the spatial models do not. Similarly, it can be noted that when we ignored the 

spatial correlation in the residuals, for example in the non-spatial model, most of the elements 

were found to be significant predictors of As accumulation. Whereas when we introduced the 

spatial covarince in the residuals, only three elements were found to be significant. In spatially 

correlated dataset, one of the key assumptions of ordinary least squares analyses that residuals 

are independent and identically distributed is violated (Beale et al., 2010). Therefore, if we are 
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making an inference without accounting for the spatial correlation in the model, it can yield 

unreliable significance tests, increasing type I error rates (falsely rejecting the null hypothesis of 

no effect). Given that the spatial model showed non-significant effects of all but three variables 

(Fe, Ca, Ti), the final model that we selected (Eq. 2 in main text) included only these three 

variables. 

Model 2a. Simple multiple linear regression model (Eq. S3/Eq.2 in the main text) was 

developed using only three elements that were significant in the spatial model in Eq. S2, and the 

results were compared to Eq. S1.  

As = -1.27 + 0.84 Fe + 0.12 Ca + 0.04 Ti + error     (R2 = 0.72)                      (S3) 

The inclusion of only three predictor elements in the model explained 72% of the variation in As 

fluorescence, whereas with eight predictors, only 73% of the variation was explained. The 

addition of more variables in Eq. S1 did not considerably enhance the prediction of As 

accumulation. The accuracy of the predictive model S1 and S3 are shown in Fig. S8: S1 and S3. 

The effects of soil matrix elements in arsenic accumulation could be better predicted using Eq. 

S3, which included elements selected from a spatial model that gave reliable significance test.  

Model 2b. Most of the trace elements in Eq. S2 were non-significant, thus the spatial 

model was refitted for linear effects of elements, which showed Fe, Ca and Ti as significant (α = 

0.05) predictors of As (Eq. S4): 

As = 13.27 + 0.35 Fe + 0.02 Ti + 0.01 Ca + error     (R2 = 0.47)   (S4) 

Comparison of models Eq. S3 and S4 also showed that non-spatial model gave better prediction 

than spatial model (Fig. S8: S3 and S4).  
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Model 3a. Here, an interaction term was added to Eq. S3 to determine if there were any 

significant interactions among the elements that affected As accumulation. The interactions 

between Fe and Ca (Fe*Ca), and Fe and Ti (Fe*Ti) were found to be significant (Eq. S5): 

As = 58.12 - 4.2 Ca – 1.6 Fe + 1.58 Ti + 0.18 Fe*Ca – 0.06 Fe*Ti + error (R2 = 0.73)    (S5) 

The accuracy of the prediction model S5 is shown in Fig. S8: S5, which is comparable to Eq. S3, 

the model without the interaction terms (Fig. S8: S3). 

Model 3b. Similarly, a spatial model with an interaction term was developed (Eq. S6), 

which showed significant interaction of Fe with Ti and Ca that affected As accumulation.   

As = 83.78 – 2.57 Fe – 1.84 Ti – 1.38 Ca + 0.08 Fe*Ti + 0.06 Fe*Ca + error  (R2 = 0.48) 

(S6) 

The accuracy of the prediction model S6 is comparable to model S4 (Fig. S8: S4 and S6). 

Although models with interaction terms would be useful to derive better inferences to our 

proposed research question, microscale data limits our ability to infer geochemical interactions 

from the statistical models. Note that analyzing a sand-grain matrix with a microprobe integrates 

across ~1010 atoms (Hesterberg et al., 2017). Our study lacks detailed molecular level 

information, and therefore significant statistical interactions on the microscale can only infer 

possible molecular-level interactions affecting As accumulation in the sand-grain coating.  

Model 4a. To determine whether there were nonlinear effects of the three significant 

elements selected from the spatial model (Eq. S3), the non-spatial model was fitted for linear and 

nonlinear effects using linear and quadratic terms in the model, i.e., the second order polynomial 

regression (Eq. S7; Fig. S8: S7):  

As = 22.31 + 49.44 Fe – 0.08 Fe2 (ns) + 4.45 Ca + 1.12 Ca2 + 1.82 Ti + 0.10 Ti2 (ns) + error 

 (R2 = 0.72)                    (S7) 
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There were no nonlinear effects of Fe and Ti in predicting As accumulation, except for Ca. 

Model 4b. Similarly, fitting polynomial regression of second order with a spatial 

covariance in the residuals showed significant nonlinear effects of Fe, Ti, and Ca in As 

accumulation (Eq. S8; Fig. S8: S8):  

As = 132.58 – 6.16 Fe + 0.13 Fe2 – 2.21 Ca + 0.05Ca2 – 1.47 Ti + 0.03 Ti2 + error (R2 = 0.47)  
                                                                                                                                         (S8)         

Overall, comparison of spatial and non-spatial models for ROI-100 showed that spatial 

likelihood models gave the minimum AIC value, but non-spatial models gave better predictions. 

However, it is critical to understand that we can always recommend a model under a given 

criterion (e.g., AIC values), but the best model for inference might not be the best for prediction. 

For our objective, the simplified model i.e., Eq. S3/ Eq. 2 in the main text would adequately 

model As accumulation in relation to soil matrix elements and provide decent insights to our 

proposed question.  

 

Regression Models for Predicting As Accumulation in ROI-10a. Six different spatial 

and non-spatial predictive models to predict As accumulation in ROI-10a were developed 

following similar approach used in ROI-100. However, accumulation of As after treatment was 

predicted using the matrix elements Ca, Cr, Cu, Fe, Mn, Ni, Si, Ti, and Zn imaged after 

treatment. All models are compared as shown in Table S3 and Fig. S10. Unlike ROI-100, both 

non-spatial (Eq. S9) and spatial (Eq. S10) linear models revealed the same elements as 

significant predictors of As accumulation and predictions were comparable between them, which 

might be due to the small spatial range.  
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Figure S1. Light-microscope image of the quartz sand-grain fractionated from an Ultisol soil 
sample and analyzed in this study. Brownish-colored regions reflect grain coatings containing 
Fe(III)-oxides. The black box shows the 100 µm x 100 µm region of interest (ROI-100) from 
which µ-XRF and µ-XANES data were collected.  
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Figure S2. Micro-XRF images of Fe and As created across ROI-200 on the XFM beamline to 
select pixels for collecting As µ-XANES spectra. Brighter colors indicate greater elemental 
fluorescence signals. The white square shows the approximate region of ROI-100 based on the 
crescent-shaped pattern of higher Fe signal near the top corner of the box, which appears to 
correspond with a similar pattern visible in the Fe image collected across ROI-100 (Fig. 1) on the 
SRX beamline. The red dots and the square are the regions where As µ-XANES spectra were 
collected. The black square shows ROI-10b, which was selected to determine whether multi-
element heterogeneity of soil microsites affects As speciation.  
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Figure S3. Micro-XRF images of all elements collected across ROI-10b, a region that showed 
spatial variability of the elements imaged, on the XFM beamline. The top left image delineates 
by color pixels belonging to each quartile of Fe fluorescence signals (high, medium high, 
medium low, and low). Brighter colors in the elemental images indicate greater I0-normalized 
fluorescence intensities, with maximum intensities of 0.00882 (Fe), 0.00057 (As), 0.00018 (Ca), 
0.00038 (Mn), 0.00026 (Zn), 0.00025 (Cu), and 0.00051 (Ti). 



175 

 

Figure S4. Arsenic K-edge XANES spectra for standards used in linear combination fitting 
analysis. 
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Figure S5. Micro-XRF images of selected soil-matrix elements collected across ROI-100 of the 
studied sand grain after the treatment with 0.1 mM As(V) solution. Brighter colors indicate 
greater elemental fluorescence signals on natural log-transformed data. Element labels are placed 
on a region of the image with missing data. 
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Figure S6. Micro-XRF images of Ca, Cr, and Cu collected across ROI-100 of the studied sand 
grain before (top) and after (bottom) treatment with 0.1 mM As(V) solution showing changes in 
measured spatial patterns. Brighter colors indicate greater elemental fluorescence signals on 
natural log-transformed data. 
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Figure S7. Scatter plots of natural log-transformed µ-XRF intensities of As vs. detected matrix 
elements from ROI-100 of the studied sand grain. Data points are colored according to the Fe 
fluorescence intensity shown in the scale bar. These scatter plots showed the maximum 
accumulation of As in the regions of high Fe, rather than where Ti, Ca, or other elements were 
high, suggesting that the effect of other elements on As accumulation is governed by Fe. 
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Figure S8. Scatter plots of predicted vs measured natural log-transformed arsenic µ-XRF signals for non-spatial and spatial predictive 
models developed for ROI-100. The plot labels correspond with equation numbers in Table S2, and 1:1 lines are plotted to compare 
predictions.
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Figure S9. Average empirical variogram plot of residuals from Eq. S1 showed spatial 
dependence.  
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Figure S10. Scatter plots of predicted vs measured natural log-transformed arsenic µ-XRF 
signals for non-spatial and spatial predictive models developed for ROI-10a. The plot labels 
correspond with equation numbers in Table S3, and 1:1 lines are plotted to compare predictions. 
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Table S1. Arsenic standards used in linear-combination fitting analysis of As µ-XANES spectra. 

Abbreviations used for 
arsenic standards 

Description of arsenic standards 

Standard spectra collected on the bulk beamlines 
1. As(V)-ferrihydrite 

(adsorbed) 
As(V) as KH2AsO4 adsorbed on ferrihydrite at pH 5.5 at 1200 
mmol As/kg 

2. As(V)-goethite As(V) sorbed onto goethite in the presence of artificial river water 
(ARW) at 4222 mg/kg. The ARW consists 1.29 mM NaCl, 0.09 
mM KCl, 0.49 mM CaCl2, and 0.34 mM MgSO4. 

3. As(V)-Fe-peat KH2AsO4 bound to hydrated and acid washed Pahokee peat 
reacted with 2400 mmol Fe/kg at pH 5.5; As(V) added at 1200 
mmol/kg 

4. As(V)-boehmite As(V) as KH2AsO4 adsorbed on poorly crystalline boehmite at pH 
6 at 50 mmol As/kg 

5. Scorodite (bulk) Scorodite diluted in BN to 850 mmol As/kg 
6. As(III)-Fe-peat As(III) as KH2AsO3 bound to hydrated and acid-washed Pahokee 

peat reacted with 2400 mmol Fe/kg at pH 5.5; As(III) added at 200 
mmol/kg 

7. As(V) oxide As2O5 diluted in BN to 850 mmol As/kg 
8. Mansfieldite Mansfieldite diluted in BN to 850 mmol As/kg 
9. Dimethylarsinic acid Dimethylarsinic acid (CH3)2As(O)OH, diluted in BN to 850 mmol 

As/kg 
10. Ca-arsenate Ca arsenate Ca3(AsO4)2 diluted in BN to 850 mmol As/kg 

Standard spectra collected along with the samples on the XFM beamline 
11. As(V)-ferrihydrite 

(co-ppt) 
As(V) co-precipitated with ferrihydrite at 0.1 mol As/mol Fe  

12. Scorodite (micro) Scorodite inclusion in a rock sample  
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Table S2. Regression models developed for predicting As accumulation in ROI-100 based on µ-XRF fluorescence signals of soil 
matrix elements. 

  

  
Eq. 
no 

Models Comment AIC R2 

S1 As = -5.69 + 0.84 Fe + 0.19 Zn + 0.1 Ca + 0.11 Ni – 0.1 Cu 
+ 0.08 Cr – 0.07 Si+ 0.04 Ti + error 

Non-spatial model -23477.6 0.73 

S2 As = 13.03 + 0.35 Fe + 0.02 Ti + 0.02 Zn(ns) + 0.01 Ca – 
0.01 Si(ns) – 0.003 Cu(ns) + 0.002 Cr(ns) – 0.002 Ni(ns) + error 

Spatial model -43551.3 0.47 

S3 As = -1.27 + 0.84 Fe + 0.12 Ca + 0.04 Ti + error Non-spatial model -22453.1 0.72 

S4 As = 13.27 + 0.35 Fe + 0.02 Ti + 0.01 Ca + error Spatial model -43555.3 0.47 

S5 As = 58.12 - 4.2 Ca – 1.6 Fe + 1.58 Ti + 0.18 Fe*Ca – 0.06 
Fe*Ti + error 

Non-spatial model -22695.7 0.73 

S6 As = 83.78 – 2.57 Fe – 1.84 Ti – 1.38 Ca + 0.08 Fe*Ti + 
0.06 Fe*Ca + error 

Spatial model -43630.8 0.48 

S7 As = 22.31 + 49.44 Fe – 0.08 Fe2 (ns) + 4.45 Ca + 1.12 Ca2 + 
1.82 Ti + 0.10 Ti2 (ns) + error 

Non-spatial model -22488.7 0.72 

S8 As = 132.58 – 6.16 Fe + 0.13 Fe2 – 2.21 Ca + 0.05Ca2 – 
1.47 Ti + 0.03 Ti2 + error 

Spatial model -43761.4 0.47 
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Table S3. Regression models developed for predicting As accumulation in ROI-10a based on µ-XRF fluorescence signals of soil 
matrix elements. 

 

 
Eq. 
no 

Models Comment AIC R2 

S9 As = -30.71 + 1.87 Fe + 0.28 Ca + error Non-spatial model -77.01 0.94 

S10 As = -26.49 + 1.79 Fe + 0.18 Ca + error Spatial model -100.58 0.93 

S11 As = -456.20 + 19.02 Ca + 18.45 Fe – 0.73 Fe*Ca + error Non-spatial model -104.71 0.96 

S12 As = -431.28 + 17.82 Ca + 17.60 Fe – 0.69 Fe*Ca + error Spatial model -109.29 0.95 

S13 As = -11.53 + 2.09 Fe + 0.68 Ca - 0.85 Ca2 + error Non-spatial model -105.052 0.96 

S14 As = -221.20 + 16.79 Ca – 0.37 Ca2 + 2.13 Fe + error Spatial model -107.94 0.95 
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Table S4. Linear combination fitting results showing combinations of two standards [As(V) co-
precipitated with ferrihydrite or adsorbed on boehmite] fit to individual As µ-XANES spectra 
collected from ROI-10b, with spot numbers ordered from right-to-left starting at the bottom row 
(fits are overlaid on data in Fig. 5 of the main text). 

 
Quartile† 

Proportions of standards ± uncertainty 
R-factor Spot # 

 
As(V)-ferrihydrite 

(co-ppt)  
As(V)-boehmite 

(adsorbed) 
1 ML 70 ± 7 30 ± 7 0.0105 
2 L 71 ± 12 29 ± 12 0.0167 
3 L 47 ± 10 53 ± 10 0.0157 
4 L 66 ± 11 34 ± 11 0.0191 
5 L 59 ± 10 41 ± 10 0.0179 
6 MH 84 ± 6 16 ± 6 0.0070 
7 ML 55 ± 8 45 ± 8 0.0077 
8 ML 36 ± 10 64 ± 4 0.0154 
9 L 65 ± 13 35 ± 13 0.0177 
10 L 77 ± 11 23 ± 11 0.0219 
11 H 84 ± 6 16 ± 6 0.0065 
12 MH 65 ± 6 35 ± 6 0.0070 
13 ML 68 ± 8 32 ± 8 0.0109 
14 ML 49 ± 4 51 ± 4 0.0128 
15 ML 71 ± 14 29 ± 14 0.0242 
16 H 95 ± 0 5 ± 0 0.0075 
17 H 81 ± 6 19 ± 6 0.0052 
18 MH 70 ± 6 30 ± 6 0.0066 
19 MH 74 ± 7 26 ± 7 0.0077 
20 ML 73 ± 6 27 ± 6 0.0067 
21 MH 58 ± 6 42 ± 6 0.0055 
22 H 76 ± 5 24 ± 5 0.0040 
23 MH 64 ± 5 36 ± 5 0.0034 
24 H 70 ± 6 30 ± 6 0.0056 
25 H 39 ± 6 61 ± 6 0.0043 

† Quartiles: H = high, MH = medium high, ML = medium low, L = low 
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Appendix B (Supporting Information for Chapter 3) 
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Figure S1. Light-microscope image of the quartz sand-grain fractionated from four different soil 
types collected from across the North Carolina Coastal Plain and analyzed in this study. 
Brownish-colored regions reflect grain coatings containing Fe(III)-oxides. The black box shows 
the 100 µm x 100 µm region of interest (ROI-100) from which µ-XRF data were collected. The 
numbers in the sample label, for e.g., GV #1 and GV #2 refer to the two sand-grains selected 
from the same soil subsample for analyses. 



189 

           

Figure S2. Arsenic and Fe K-edge XANES spectra for standards used in linear combination 
fitting analysis.
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Figure S3. Micro-XRF images of native soil-matrix elements collected across ROI-100 of 
different sand grains before As(V) treatment. a. GV #2: region-a (Sand-grain from Fe-rich soil), 
b. GV #2: region-b (Sand-grain from Fe-rich soil), c. GV #1 (Sand-grain from Fe-rich soil), d. 

NH-top #1 (Sand-grain from carbon-rich soil), e. NH-top #2 (Sand-grain from carbon-rich soil), 
f. NH-mid #1 (Sand-grain from low-carbon soil), g. NH-mid #2 (Sand-grain from low carbon 

soil), h. OS #1 (Sand-grain from low-Fe soil), i. OS #2 (Sand-grain from low-Fe soil). Brighter 
colors indicate greater elemental fluorescence signals on natural log-transformed data. The 

numbers in the sample label, for e.g., GV #1 and GV #2, refer to the two sand-grains selected 
from the same soil subsample for analyses.
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Figure S4. Micro-XRF images of As (before and after treatment) and native soil-matrix elements 
collected across ROI-100 of different sand grains after the treatment with 0.1 mM As(V) 

solution. a. GV #2: region a-R1 (First replicate image collected from region-a of the sand-grain 
sampled from Fe-rich soil), b. GV #2: region a-R2 (Second replicate image collected from 

region-a of the sand-grain sampled from Fe-rich soil), c. GV #2: region b-R1 (First replicate 
image collected from region-b of the sand-grain sampled from Fe-rich soil), d. GV #2: region b-

R2 (Second replicate image collected from region-b of the sand-grain sampled from Fe-rich soil), 
e. GV #1 (Sand-grain sampled from Fe-rich soil), f. NH-top #1 (Sand-grain sampled from 
carbon-rich soil), g. NH-top #2 (Sand-grain sampled from carbon-rich soil), h. NH-mid #1 

(Sand-grain sampled from low-carbon soil), i. NH-mid #2 (Sand-grain sampled from low-carbon 
soil), j. OS #1 (Sand-grain sampled from low-Fe soil), k. OS #2 (Sand-grain sampled from low-

Fe soil). Brighter colors indicate greater elemental fluorescence signals on natural log-
transformed data. The numbers in the sample label, for e.g., GV #1 and GV #2, refer to the two 

sand-grains selected from the same soil subsample for analyses.
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Figure S5. TOF-SIMS elemental images of Fe+, Al+, and C- collected near ROI-100 on the sand 
grains from different soil environments. Brighter colors in the elemental images indicate greater 
ion counts.
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Figure S6. Scatter plots of natural log-transformed µ-XRF intensities of As vs. Fe, Mn, Zn, and 
Ti from ROI-100 of the studied sand grains. Red lines indicate the regression line.
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Figure S7. Scatter plots of predicted vs measured natural log-transformed arsenic µ-XRF signals 
for spatial (labelled as “a”) and non-spatial (labelled as “b”) predictive models developed for 

ROI-100 region of the sand grains from different environments. The plot labels correspond with 
equation numbers in Table 3, and 1:1 lines are plotted to compare predictions.
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Figure S8. Scatter plot of As vs. Fe plotted using integrated µ-XRF data from all analyzed sand 
grains from different soils. The figure on the right is exactly the same to the one on the left 
except that each data sets from different sand grains are color coded: NH-top #1 (black), NH-top 
#2 (red), NH-mid #1 (green), NH-mid #2 (blue), GV #1 (cyan), GV #2a (magenta), GV #2b 
(yellow), and OS #1 (gray).   

r = 0.85 r = 0.85 
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Figure S9. Scatter plots showing correlation between microscale Fe contents and Fe slopes 
determined from (a) spatial models and (b) non-spatial models, as reported in Table 3 for 
different sand grains analyzed. The correlation was significant (α = 0.05) only for the spatial 
models.

r = 0.66 r = -0.25 a b 
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Table S1. Strong-acid extractable elements of different soil subsamples from which sand-grains were selected for analyses. The 
procedure for strong-acid digestion was followed according to †EPA Method 3050B. 

  Al As Ca Cr Cu Fe Mn Ni P Pb S Si Ti Zn 
  wt% mg/kg mg/kg mg/kg mg/kg wt% mg/kg mg/kg mg/kg mg/kg mg/kg mg/kg mg/kg mg/kg 

GV 0.37 0.66 115 4.49 4.28 0.32 90.8 1.57 132 5.09 28.0 21.0 66.2 7.72 
NH-top 0.15 1.13 283 2.49 0.83 0.23 54.3 1.15 88.2 4.72 53.6 26.7 122 7.16 
NH-mid 0.20 1.40 276 4.54 1.28 0.34 29.2 1.59 96.8 4.10 21.8 26.4 130 6.59 

OS 0.073 0.27 180 1.79 0.62 0.052 9.33 0.50 18.4 5.48 55.7 18.6 91.6 3.64 
† EPA (1996) Method 3050B: Acid Digestion of Sediments, Sludges, and Soils. Revision 2. 
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Table S2. Arsenic standards used in linear-combination fitting analysis of As µ-XANES spectra.  

Abbreviations used 
for arsenic standards 

Description of arsenic standards 

13. As(V)-ferrihydrite  As(V) as KH2AsO4 adsorbed on ferrihydrite at pH 5.5 at 
1200 mmol As/kg 

14. As(V)-goethite As(V) sorbed onto goethite in the presence of artificial river 
water (ARW) at 4222 mg/kg. The ARW consists 1.29 mM 
NaCl, 0.09 mM KCl, 0.49 mM CaCl2, and 0.34 mM MgSO4. 

15. As(V)-Fe-peat KH2AsO4 bound to hydrated and acid washed Pahokee peat 
reacted with 2400 mmol Fe/kg at pH 5.5; As(V) added at 
1200 mmol/kg 

16. As(V)-boehmite As(V) as KH2AsO4 adsorbed on poorly crystalline boehmite 
at pH 6 at 50 mmol As/kg 

17. Scorodite Scorodite diluted in BN to 850 mmol As/kg 
18. As(III)-Fe-peat As(III) as KH2AsO3 bound to hydrated and acid-washed 

Pahokee peat reacted with 2400 mmol Fe/kg at pH 5.5; 
As(III) added at 200 mmol/kg 

19. As(V) oxide As2O5 diluted in BN to 850 mmol As/kg 
20. As(III) oxide As2O3 diluted in BN to 850 mmol As/kg 
21. Ca-arsenate Ca arsenate Ca3(AsO4)2 diluted in BN to 850 mmol As/kg 
22. Mansfieldite Mansfieldite diluted in BN to 850 mmol As/kg 
23. Dimethylarsinic 

acid 
Dimethylarsinic acid (CH3)2As(O)OH, diluted in BN to 850 
mmol As/kg 

24. Arsanil Arsanil diluted in BN to 850 mmol As/kg 
25. Roxarsone Roxarsone - 3-nitro-4-hydroxy-phenylarsinic acid 

C6H6AsNO6 diluted in BN to 850 mmol As/kg 
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Table S3. Standards errors (uncertainties) for the regression coefficients of spatial models developed for predicting As accumulation 
based on µ-XRF fluorescence signals of soil matrix elements. 

Sample ID Eq. no Models Comment AIC R2 
GV #2a-R1 1a As = 0.85 + 0.50 Fe + 0.07 Cu + 0.05 Ti – 0.03 Cr – 0.03 Ca + e linear coefficients -5048.9 0.26 

  0.41 (Int); 0.01 (Ca); 0.01 (Cr); 0.03 (Cu); 0.03 (Fe); 0.02 (Ti) uncertainties   
GV #2a-R2 2a As = 0.77 + 0.09 Cu + 0.48 Fe + e linear coefficients -4900.5 0.27 

  0.39 (Int); 0.03 (Cu); 0.03 (Fe) uncertainties   
GV #2b-R1 3a As = 0.34 + 0.57 Fe + 0.10 Zn + 0.04 Ti + e linear coefficients -23568.1 0.77 

  0.26 (Int); 0.02 (Fe); 0.01 (Ti); 0.02 (Zn) uncertainties   
GV #2b-R2 4a As = 0.86 – 0.01 Cr + 0.53 Fe + 0.02 Ni + 0.03 Ti + 0.08 Zn + e  linear coefficients -23691.9 0.74 

  0.27 (Int); 0.004 (Cr); 0.02 (Fe); 0.01 (Ni); 0.01 (Ti); 0.02 (Zn) uncertainties   
GV #1 5a As = -0.74 + 0.72 Fe + 0.08 Mn – 0.07 Zn + 0.05 Ti – 0.01 Cr + e linear coefficients -41959.6 0.30 

  0.38 (Int); 0.002 (Cr); 0.02 (Fe); 0.004 (Mn); 0.004 (Ti); 0.01 (Zn) uncertainties   
NH-top #1 6a As = -1.04 + 0.68 Fe + 0.06 Ti + 0.06 Zn – 0.02 Si – 0.01 Cr + e linear coefficients -32638.7 0.69 

  0.22 (Int); 0.002 (Cr); 0.02 (Fe); 0.01 (Si); 0.01 (Ti); 0.01 (Zn)  uncertainties   
NH-top #2 7a As = 1.73 + 0.32 Fe + 0.13 Ti + 0.08 Zn + e linear coefficients -13887 0.35 

  0.41 (Int); 0.02 (Fe); 0.03 (Ti); 0.03 (Zn) uncertainties   
NH-mid #1 8a As = -0.73 + 0.78 Fe + 0.03 Zn + 0.02 Si + 0.02 Ti – 0.01 Cr + e linear coefficients -36658.6 0.78 

  0.21 (Int); 0.002 (Cr); 0.01 (Fe); 0.01 (Si); 0.01 (Ti); 0.01 (Zn)  uncertainties   
NH-mid #2 9a As = 0.44 + 0.62 Fe + 0.06 Zn + 0.04 Ti + 0.02 Ca + e linear coefficients -20803.4 0.57 

  0.3 (Int); 0.01 (Ca); 0.01 (Fe); 0.01 (Ti); 0.02 (Zn) uncertainties   
OS #1 10a As = -0.04 + 0.51 Fe + 0.13 Zn + 0.02 Ti + 0.02 Ni + e linear coefficients -16945.7 0.66 

  0.28 (Int); 0.02 (Fe); 0.01 (Ni); 0.01 (Ti); 0.03 (Zn) uncertainties   
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Appendix C (Supporting Information for Chapter 4) 
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Figure S1. Integrated spectra of As obtained from entire region, high-As region, and low-As 
region of particle-1 selected from Fe-rich (GV) soil. 
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