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ABSTRACT 

Podoconiosis is a neglected tropical disease, which results in lower leg lymphoedema. The 

inflammatory disease is caused by long-term contact with irritant particles in the soil. 

Identifying podoconiosis risk at a national level has been achieved in several studies using 

environmental factors associated with podoconiosis such as elevation and precipitation. 

However, from those studies it has been acknowledged that podoconiosis occurrence is 

variable among areas predicted as high risk. The genetic aspect of the disease may account 

for some of the local variation; however, it is also likely that the occurrence or abundance of 

irritant particles could be impacting local variation. There has been no conclusive agreement 

on the irritant particle which causes podoconiosis. The present study investigates potential 

podoconiosis associated soil variables in North West Cameroon and assesses the ability to 

predict the abundance of these soil variables using remote sensing techniques.  

The study utilises two approaches to identify podoconiosis associated soil variables. The 

first approach uses North West Cameroon podoconiosis disease data and ground-sampled 

mineralogical and chemical soil point samples. Geospatial and statistical analysis is carried 

out on these datasets.  

The second approach uses macrophage cell lines to measure the inflammatory response of 

cells treated with mineral and soil sample stimuli. The pathogenesis of podoconiosis is not 

fully understood, however, the NLRP3 inflammasome is key to many other sterile 

inflammatory diseases. Therefore, the NLRP3 inflammasome response of podoconiosis-

associated minerals and podoconiosis endemic soil samples was investigated.  

Lastly, the study assesses the capability of using advanced hyperspectral remote sensing 

techniques to predict the abundances of the potential podoconiosis associated soil properties, 

which were identified in the previous analysis chapters. The study utilises synthetic data 

based on PRISMA hyperspectral band characteristics and real mineral proportion values 

collected at the North West Cameroon study site.  

The study identified several soil variables which are potentially associated with podoconiosis 

in North West Cameroon, which included quartz, mica, potassium feldspar, Ba, Be, K, Na, 

Rb, Sr, and Tl. However, the strength of these associations was acknowledged as weak to 

moderate. The macrophage analysis identified kaolinite and smectite as potential activators 

of the NLRP3 pathway. Finally, the study develops a hyperspectral remote sensing 



 

 

iii 

 

methodology to detect potential podoconiosis soil covariates. A new method was introduced 

to overcome the absence of pure endmembers, by using mixed signatures as inputs into linear 

unmixing models. The new method predicts the abundance of minerals with distinct 

diagnostic absorption features captured by the hyperspectral data.  
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1) CHAPTER 1: INTRODUCTION  

1.1 OVERVIEW 

Podoconiosis is a form of lower leg lymphoedema, a non-infectious geochemical disease 

occurring in barefoot individuals in long-term contact with red-clay soil from alkaline 

volcanic rock (Price, 1976a). The disease is considered to be caused through an interaction 

of genetic susceptibility and environmental factors (Davey et al., 2007). Podoconiosis causes 

asymmetrical bilateral swelling of the lower legs. It is estimated that globally around 4 

million people suffer from podoconiosis (Tekola Ayele et al., 2012). Ethiopia is presumed 

to bear the greatest burden of podoconiosis, with an estimated 1 million people affected and 

in Cameroon, the second highest burden with 500,000 people estimated to be suffering with 

the disease (Davey, 2009). Podoconiosis is the second most common cause, after lymphatic 

filariasis, of tropical lymphedema (Molyneux, 2012). It is not a rare disease, though it is 

poorly understood and many misconceptions exist about the disease (Yakob, Deribe and 

Davey, 2008; Molla et al., 2012a). In areas of Ethiopia and Cameroon these misconceptions 

include that the disease is caused by witchcraft or by contact with other people with 

podoconiosis (Wanji et al., 2008; Yakob, Deribe and Davey, 2008; Tomczyk, Tamiru and 

Davey, 2012). Podoconiosis has been identified to have a psychological effect on individuals 

with the disease and their families which can include social stigma (Tora, Davey and Tadele, 

2011) and depression (Bartlett et al., 2015; Semrau et al., 2019; Semrau et al., 2020). Social 

stigma can occur due to the misconceptions and low level of knowledge of the disease 

(Yakob, Deribe and Davey, 2008; Engdawork et al., 2020). A study in Northern Ethiopia 

identified that approximately 13% of patients had an experience of one or more forms of 

social stigmatisation including forced exclusion, pointing at individuals, nose pinching, or 

shunning (Molla et al., 2012a). Social stigma can lead to isolation, school dropout, 

psychological trauma, lack of marriage prospects, and exclusion from community events 

(Yakob, Deribe and Davey, 2008; Tora, Davey and Tadele, 2011). Social stigma related to 

diseases has been linked to the delay in diagnosis and treatment of the disease, due to shame, 

and fear of public places (Ribera et al., 2009). Delay in diagnosis can be detrimental; early 

stages of the disease are reversible but more advanced stages need lifelong treatment (Price, 

1990; Davey, Tekola and Newport, 2007).  

In addition to the social impact of the disease it can also have a detrimental economic impact. 

Most cases of podoconiosis have been identified to occur between the ages of 16-45, when 

individuals are most economically active (Destas, Ashine and Davey, 2003). Podoconiosis 
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patients’ economic activity during the day has been recognised as statistically less compared 

to non-patients in affected areas (Tekola, Mariam and Davey, 2006), due to the debilitating 

physical effects of the disease. In a zone of 1.5 million inhabitants, the estimated annual cost 

of podoconiosis was $16 million in the year 2005 (Tekola, Mariam and Davey, 2006). From 

direct projection of these 2005 annual costings it has been estimated that the economic loss 

in Ethiopia due to podoconiosis could be more than $200 million annually (Molla et al., 

2012a). In a more recent study, the total economic burden of podoconiosis in Ethiopia is 

estimated to be $213.2 million annually (Deribe et al., 2020b). 

These economic and social consequences of podoconiosis have been recognised to 

contribute to a lower quality of life experienced by people with podoconiosis (Henok and 

Davey, 2008; Mousley et al., 2013). The World Health Organisation (WHO) defines quality 

of life as “individual's perception of their position in life in the context of the culture and 

value systems in which they live and in relation to their goals, expectations, standards and 

concerns” (WHO, 1997). Quality of life has been identified to be affected by physical health, 

psychological state, level of independence, social relationships, personal beliefs, and 

relationships to important features of the environment (WHO, 1997).    

As of February 2011, WHO included podoconiosis on its list of neglected tropical diseases 

(NTDs) (Davey et al., 2012). Under goal 3 of the 2015 sustainable development goals ‘Good 

Health and Wellbeing’ one target states:  

“By 2030, end the epidemics of AIDS, tuberculosis, malaria and neglected tropical diseases 

and combat hepatitis, water-borne diseases and other communicable diseases”. 

It has been identified that understanding the geography of the disease, is crucial in 

elimination efforts (Deribe et al., 2015b). At present the exact causal agent in the soil is 

unknown, but has previously been linked to elements such as Al (Price and Henderson, 1978; 

Muli, Gachohi and Kagai, 2017), Zr, Be (Frommel et al., 1993), as well as minerals such as 

quartz (Molla et al., 2014) and chemical compounds such as silica (Price, 1972b). 

Understanding the geography and therefore the causal agents of the disease is important in 

the creation of podoconiosis risk maps which can be utilised to focus elimination efforts on 

those locations with the greatest risk.  

1.2 RATIONALE OF THESIS 

From the overview it is apparent that podoconiosis is a damaging disease causing social and 

economic consequences. To help contribute to the sustainable development goal target, with 
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the aim to eliminate tropical diseases by 2030, it is important to gain a greater understanding 

of the local geographic distribution of podoconiosis. Gaining a deeper understanding of areas 

which are at risk of facing the greatest burden of the disease can help determine the most 

beneficial locations for aiding podoconiosis elimination. 

Previous studies have successfully identified podoconiosis risk at a national level using large 

scale environmental factors associated with podoconiosis such as elevation and precipitation 

(Deribe et al., 2013; Deribe et al., 2015b; Deribe et al., 2019). However, from those studies 

using large-scale environmental factors it is not possible to predict podoconiosis local 

variation. Local variations of podoconiosis could be due to properties of the soil, which are 

not captured in the large-scale environmental variables, therefore this study will examine 

potential soil mineralogical and elemental properties associated with podoconiosis at a local 

scale.  

This research centres on Cameroon, a Central African lower-middle income country, with 

the second highest burden of podoconiosis (Deribe et al., 2018a). In particular the focus of 

this study is on the North West region of Cameroon, which has been identified as the region 

in Cameroon with the highest podoconiosis prevalence rate (Deribe et al., 2018a). To date, 

no local scale studies using ground-sampled soils data have been carried out in Cameroon. 

It is essential to carry out an investigation at a local scale in Cameroon, as it is likely that the 

factors identified as significant in previous local scale studies in countries including Ethiopia 

and Kenya may not equally influence the distribution of podoconiosis universally (Molla et 

al., 2014; Muli, Gachohi and Kagai, 2017). In addition, to the local scale study this thesis 

will investigate macrophage cell reactions to minerals standards and soil samples, as an 

additional way to highlight potential podoconiosis soil causal agents. Finally, the study will 

assess the ability of remote sensing techniques to predict the abundances of soil components 

over large areas. Predicting certain soil properties abundances using remote sensing could 

be important in the future for predicting local scale podoconiosis variance. Traditional 

ground soil sampling can be expensive and more time consuming than utilising remote 

sensing technologies, this emphasises the importance of investigating the usage of remote 

sensing in podoconiosis research (Dobos et al., 2001; Behrens and Scholten, 2006; Mulder 

et al., 2011). 

1.3 AIM 

The overall aim of this thesis is to identify any potential mineralogical and elemental 

properties associated with podoconiosis in the North West region of Cameroon; initially 
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through spatial analysis of ground-sampled soil data and podoconiosis community level data. 

Additionally, association will be evaluated through the response of macrophage cells 

stimulated with minerals standards and soil samples. The final aim is to assess the potential 

of utilising hyperspectral satellite data to predict the abundance of soil minerals which have 

previously been linked to podoconiosis. 

1.4 OBJECTIVES  

1. To spatially analyse ground-sampled soil elemental and mineralogical data from 

North West Cameroon, to identify significant associations with contemporary 

podoconiosis data, using geo-statistical analysis. 

2. To investigate a potential inflammatory pathway of podoconiosis and measure the 

immune reaction of macrophage model cell line in response to the stimulation of 

mineral standards and ground-sampled North West Cameroon soil. 

3. To model and critically assess the potential of hyperspectral satellite data to predict 

specific soil mineral abundances, which have previously been linked to podoconiosis 

in North West Cameroon. 

1.5 THESIS STRUCTURE 

1.5.1 Chapter 1: Introduction  

This chapter introduces an overview of podoconiosis, the thesis rationale, and the aim and 

objectives of the study. 

1.5.2 Chapter 2: Literature review 

This chapter will provide an in-depth background of podoconiosis including the history of 

elephantiasis, stages and diagnoses of the disease, distribution, control measures and studied 

aetiology. The review will consider the use and application of geographical information 

systems, focusing on their relevance in spatial epidemiology. The final section will explore 

the use of remote sensing in health science and mapping soil properties. 

1.5.3 Chapter 3: Methodology 

This chapter will introduce the study site in North West Cameroon. The methodology 

employed for the collection of soils parameters will be presented, and a detailed description 

provided for the podoconiosis data capture. Central spatial and statistical modelling 

techniques used throughout the research chapters will be discussed in detail. The cell assay 
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preparation and assay methods will be described in this chapter. Finally, the remote sensing 

spectral unmixing methods will be explained. 

1.5.4 Chapter 4: Geospatial analysis of ground-sampled soil data in relation to 

community level podoconiosis data in North West Cameroon 

This chapter is the first of three research chapters and focuses on the identification of 

associations between ground-sampled soil elemental and mineralogical variables and 

community level podoconiosis data. This will be achieved through spatial modelling of the 

ground-sampled soil data and statistical analysis. The aims, methodology, results, and 

findings will be reported.   

1.5.5 Chapter 5: Macrophage cell responses to Cameroon soil samples and mineral 

standards associated with Podoconiosis 

The second research chapter will investigate a potential inflammatory pathway of 

podoconiosis. The immune reaction of macrophage cell models will be measured when 

stimulated with mineral standards and soil sample aliquots. Cell viability, inflammasome, 

and NF-κb assays will be carried out. The aims, methodology, results, and findings will be 

reported.   

1.5.6 Chapter 6: Assessing the ability of remote sensing to predict the abundance of 

podoconiosis associated minerals 

This third research chapter will assess the potential to predict podoconiosis associated soil 

minerals using hyperspectral data. This will be achieved through the creation of synthetic 

hyperspectral data, generated to represent the PRISMA sensor spectra and reflectance values 

of mineral mixtures identified at North West Cameroon study site. The synthetic spectra will 

be split into training and test spectra, the training spectra will be used as inputs into a linear 

unmixing model to unmix the test spectra and predict mineral abundances. The aims, 

methodology, results, and findings will be reported.   

1.5.7 Chapter 7: Discussion  

Chapter 7 is the discussion chapter which will explore the key findings from each analysis 

chapter, 4, 5, and 6. The discussion will synthesise the outcomes from the analysis chapters 

and consider them in relation to current podoconiosis literature. The implication of the study 

as a whole will be discussed and recommendations for the focus of future studies suggested. 

1.5.8 Chapter 8: Conclusion 

Chapter 8 will present the final concluding remarks. 
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2) CHAPTER 2: LITERATURE REVIEW 

2.1 INTRODUCTION  

This chapter will introduce the background of podoconiosis including the history of 

elephantiasis, stages and diagnoses of the disease, distribution, control measures, and the 

studied aetiology. The review will then consider the use and application of geographical 

information systems, focusing on their relevance in spatial epidemiology, the development 

of health risk maps and, lastly, previous studies which focus on podoconiosis mapping. The 

final section will explore the developing use of remote sensing in the health sciences and the 

identification and mapping of soil properties. 

2.2 BACKGROUND OF PODOCONIOSIS 

Elephantiasis can be defined as a condition causing gross enlargement of areas of the body 

particularly the limbs. In the tropics there are two principal causes of elephantiasis: 

podoconiosis (non-filarial elephantiasis) and lymphatic filariasis (filarial elephantiasis). The 

causative agents of lymphatic filariasis are three types of closely related filarial worms 

Wuchereria bancrofti, Brugia malayi, and Brugia timori (Ottesen et al., 1997). These filarial 

worms are transmitted via mosquito vectors. Contrary to lymphatic filariasis, podoconiosis 

is hypothesised to be caused by the persistent contact with irritant volcanic soils, although 

the exact particles of the soil have not been confirmed. This will be further reviewed in 

section 2.4. Both types of elephantiasis can result in the abnormal enlargement of body parts, 

however, podoconiosis results in asymmetrical swelling, extending rarely beyond the lower 

legs (Davey, Tekola and Newport, 2007) whereas lymphatic filariasis (LF) swelling is 

symmetric which can extend to the groin (Kumaraswami, 2000). In previous literature, 

concerned with the history of podoconiosis, this distinction is rarely made, therefore it is 

difficult to determine which disease is being depicted. Due to this difficulty the following 

section will give a brief overview of the history of both types of elephantiasis and where 

possible will make the distinction between filarial and non-filarial.  

2.2.1 A brief history of elephantiasis  

The first prospective recorded case of elephantiasis has no written records but is instead 

portrayed in statues of the Queen of Punt and the Egyptian Pharaoh Mentuhotep II, ruling 

from 2133-1992 B.C in Egypt. Queen Punt’s four limbs appear to be greatly enlarged and 

the Pharaoh’s upper body to the knees is conventionally accurate but the ankles and calves 

of both legs are thickened and feet even more so (Cox, 2002); however it has also been 
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suggested that it could be a case of gross obesity or an indication of power. Nevertheless, 

due to the relatively normal proportion of the rest of the king’s body it is believed likely to 

be depicting a case of elephantiasis (Price, 1984b).                                                                                                                                                       

Literature first recognises elephantiasis as far back as A.D 400 written on pure gold, the 

original has been lost but is documented in translations such as ‘Tibetan medicine’, the term 

“rkain hbam” is Tibetan for swollen leg, which is distinguished from leprosy which is 

“mdze” (Rinpoche and Kunzang, 1973). Rhaze in C.905 was the first to describe 

elephantiasis as a specific disease (Price, 1984b).  

Many European explorers through the 16th to the 18th centuries described the symptoms of 

elephantiasis. A Dutch explorer from a visit to Goa between 1588 and 1592 recorded people 

“all born with one of their legs and one foot from the knee downwards as thick as an 

elephant’s leg” (Burnell, 1885). This description suggests podoconiosis rather than LF due 

to being only in one leg, and from the knee downwards. Adventurer James Bruce in the 

1770s exploring Gondar, northern Ethiopia described the disease “from the bending of the 

knee downwards to the ankle; the leg is swelled to a great degree, becoming one size from 

bottom to top” (Davey, 2010). 

It was only in 1627 that the lymphatic system was first identified through the dissection of a 

dog by Gasporo Aselli (Suami, 2017). Lymphatics were investigated and linked to 

elephantiasis by Hendy in 1784 who dissected affected patient’s legs. Describing thickened 

lymphatics, he goes on to describe the “obvious beneficial effect of shoes and laced 

stockings” (Hendy, 1784). This led to Alard  producing a monograph of the disease (Alard, 

1810), in which he considers the disease to be worldwide in distribution and is endemic in 

countries with many volcanoes (Price, 1984b). The mention of volcanoes suggests the 

beginning of the link between non-filarial elephantiasis and irritant soil particles.   

The speculation of the aetiology of elephantiasis was believed to have come to an end when 

microfilaria, now believed to have been Wuchereria bancrofti (Eldridge and Edman, 2012), 

were found inside individuals with the disease. This was first noted in 1863 by Demarquay 

noting “little worm like creatures in a tumour of the genitals”. Bancroft, in 1878, went on to 

write about the “filariasis disease” describing the adult stages of filaria from a lymphatic 

abscess of the arm. This led to the assumption that all elephantiasis was caused by filarial 

which resulted in conflicting reports of the presence of the filarial worm in some endemic 

areas (Price, 1984b), and led to alternative aetiologies. In 1878 Fox had written “it is very 
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clear that elephantiasis may occur without filaria” (Price, 1984b), this was also proposed by 

Hirsch (1883) and Manson (1894). 

The distinction between the two types of elephantiasis, filarial and non-filarial, was believed 

to have first been made in 1938 by Robles, due to the repeated negative results for 

microfilaria and bacteria of elephantiasis patients (Davey, 2009). At the time he named the 

disease ‘pseudo-lepra’ stating “an immense difference between those who wear shoes and 

those who do not”. Further to this, Drinker et al. (1934) injected intralymphatic irritant 

mixture of quinine and silica into dogs, to which they developed symptoms of elephantiasis 

(Drinker, Field and Homans, 1934). The non-filarial disease had multiple terminologies, 

including: chronic sclerosing lymphangitis, idiopathic lymphoedema, mossy foot, verrucosis 

lymphatic, and Lowenthal-Robles disease (Price, 1984b). The current terminology for non-

filarial elephantiasis is podoconiosis. Derived from the Greek words Podo (foot) and Konos 

(dust), due to the suggestion the disease is caused by the exposure of feet to irritant soils 

(Price, 1984a).  

2.2.2 Stages of podoconiosis  

Elephantiasis is used to describe the late stages of podoconiosis, but before this occurs there 

is a pre-elephantiasis stage of the disease. Podoconiosis is more recognisable in the late 

stages of the disease, yet, it is important to understand the prodromal symptoms as this is 

when treatment is most effective. Price (1983) divided the prodromal symptoms into three 

sections; burning leg, itchy foot, and ‘knocking’ big toes. Burning leg describes the ‘burning’ 

sensation the patient feels in the leg but can also extend up to the thigh. Itchy foot describes 

the localised itching on either foot. Patients may also notice their big toes knock together as 

they walk. These symptoms have been suggested to occur after periods of physical exercise 

(Fuller, 2005).  

Prodromal physical signs of podoconiosis include a splayed forefoot; which can involve the 

unilateral swelling of the forefoot, this swelling can cause the toes to resemble sausages and 

develop a swelling of the soles of the feet (Price, 1983). The skin of the foot changes; 

lichenification occurs causing the foot skin to get thicker with increased skin markings. 

Transcutaneous ooze of the serum causes damp skin and due to excess keratin production 

the skin represents a mossy texture (Price, 1983; Davey, 2010).  

However, these signs could occur as a consequence of any cause of lymphedema, though the 

persisting lack of symmetry and onset of one leg many months before the other suggest 

podoconiosis rather than lymphatic filariasis (Fuller, 2005). Manifestations such as chyluria, 
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epididymitis, hydrocele, and lymph scrotum, are associated with lymphatic filariasis 

(Shenoy, 2008).   

The progression of the disease results in the elephantiasis stage, with increased leg diameter 

through lymphatic vessel obstruction, which can cause soft subdermal lymphedema or/and 

a hard leathery leg comprising of fibrosis and subcutis which thickens; most cases show a 

combination of both (Fuller, 2005). Other features associated with the late stages of 

podoconiosis include hard nodules, papilloma, pillowy oedema, and bacterial and fungal 

infections (Fuller, 2005). 

2.2.3 Distribution of podoconiosis  

Podoconiosis has been identified to be wide spread in three continents, Africa, Asia, and 

Central America (Price, 1990) and the global estimate is believed to impact around 4 million 

people (Tekola Ayele et al., 2012). In Africa it has been recognised in, Ethiopia (Heather 

and Price, 1972), Sudan (Price and Bailey, 1984), Rwanda (Price, 1976b), Uganda (Onapa, 

Simonsen and Pedersen, 2001), Cameroon (Wanji et al., 2008), Tanzania (De Lalla et al., 

1988), Kenya (Crivelli, 1986), Principe (Ruiz, Campo and Corachan, 1994), and Guinea 

(Corachan et al., 1988) but this is not to say these are exclusive. Historically the disease is 

believed to have been present in Europe including France, England, and Scotland and in 

Northern Africa including Algeria, Tunisia, Morocco, and the Canary Islands, though since 

the widespread use of shoes the disease is no longer found in these areas (Price, 1990). Figure 

2.1 shows the global distribution of podoconiosis (Wanji et al., 2021). 

 

Figure 2-1 A map of global distribution of podoconiosis (Wanji et al., 2021). 
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2.2.4 Control measures  

Podoconiosis is an easily preventable disease, prevention methods can be split up into 

primary, secondary, and tertiary as seen in Table 2.1 (Davey, 2010). 

Table 2-1 The prevention and treatment methods for podoconiosis (Davey, 2010). 

Treatment level Prevention method 

Primary  Involves methods to prevent the contact between skin and 

irritant soils. Through the utilisation of robust footwear, 

foot hygiene, and the covering of floor surfaces. 

Secondary Involves methods to prevent the progression from early 

stages to later stage elephantiasis. These methods involve 

training in foot hygiene, compression bandaging, and 

relocation from an area of irritant soils. 

Tertiary Involves methods for the management of those with late 

stages of elephantiasis. Consisting of secondary 

prevention measures, compression of the affected leg, 

elevation of the leg for 18 hours above the level of the 

heart, and removal of nodules where necessary.  

 

2.3 PODOCONIOSIS PATHOGENESIS  

The pathogenesis of podoconiosis remains incompletely defined. This is partially due to 

incomplete aetiology of the disease. It is believed that unknown particles enter through the 

skin of the foot, into the lymphatic vessels and are engulfed by macrophages, this induces 

an inflammatory response in the lymphatic vessel, resulting in fibrosis and the obstruction 

of the vessel lumen (Price, 1976a). Figure 2.2 shows the potential entry routes through the 

skin of the foot. 
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Figure 2-2 Potential nano-particle penetration routes into the skin. 1) Through broken epidermis. 2) Intercellular routes. 

3) transappendageal route via hair follicles (or sweat ducts) 4) Intracellular route (Le Blond et al., 2017). 

The potential entry of soil particles into the human body through the foot include through 

broken epidermis, intercellular routes, via hair follicles, sweat ducts, or through intracellular 

routes. 

It is believed that not all individuals exposed to the causal soil agent will have a reaction, 

due to the genetic influence of the disease. For example, mineral particles were found in the 

lymphatic system of both affected and unaffected people, suggesting that there is a gene-

environment interaction (Price and Henderson, 1978). Price (1972a) studied 90 families 

using segregation analysis, investigating the possible genetic factor of podoconiosis, with 

results disregarding dominance inheritance due to the absence of the disease in the parents 

of patients. Instead, results indicated the possibility of an autosomal recessive trait, meaning 

two copies of the abnormal gene must be present for the trait to be passed on. A study of 

segregation analysis suggests an autosomal co-dominant major gene (Davey et al., 2007), 

co-dominance occurs if two different dominant genes result in the trait.  

Tekola Ayele et al. (2012) carried out a genome-wide association study (GWAS) from a 

population in southern Ethiopia. The research suggested the disease is a T-cell mediated 

response, due to the identification of single nucleotide polymorphs (SNPs) found in human 

leukocyte antigen DQ (HLA-DQ) loci which are associated with podoconiosis. These 

findings have recently been replicated in a second GWAS using an independent larger 

dataset (Gebresilase et al., 2021). These HLA-DQ gene variants are part of the class II Major 

Histocompatibility complex (MHC). Class II MHC molecules are expressed on antigen-
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presenting cells such as macrophages. Once helper T-cells interact with the antigen-MHC 

class II molecule complex, the cell is activated and begins to secrete cytokines, which will 

activate an immune system response (Kindt et al., 2007). It could be suggested that the HLA-

DQ gene variants (Tekola Ayele et al., 2012; Gebresilase et al., 2021) have a functional role 

in the development of podoconiosis, however this is not yet determined. Yet, there are 

examples of diseases which are triggered by minerals in which HLA class II molecules play 

a direct role in pathogenesis, for example berylliosis. It has been identified that HLA-DP 

allele HLA-DPB100201 was associated with chronic beryllium disease (CBD) in 

comparison to HLA-DPB100401 allele, the HLA-DPB100201 has a glutamic acid at 

position 69 (Richeldi, Sorrentino and Saltini, 1993). HLA-DP alleles carrying a glutamic 

acid at position 69 allows positively charged beryllium atoms to bind to the antigen-binding 

pocket to alter the HLA-D1P molecule so it can bind with CD4+ T-cells, which can lead to 

CBD (Silveira et al., 2012; Fontenot et al., 2016).  

Further evidence that podoconiosis is T-cell mediated response are from re-examined lymph 

node blocks originally from Price (1972b) investigations. Figure 2.3 shows an exaggerated 

lymphocyte population, which was classified and found to be predominantly CD4+ 

lymphocytes, also known as helper T-cells (Yardy, Williams and Davey, 2018). 

 

 

Figure 2-3 Lymph Node 607: Immunohistochemistry for CD3, marking the interfollicular T lymphocyte population and T 

lymphocytes surrounding the germinal centres (Yardy, Williams and Davey, 2018). 

More recently Alcantara et al. (2020) carried out multiplex gene expression analysis which 

revealed evidence of upregulation of proinflammatory transcripts which suggest chronic 

immune activation in podoconiosis. 
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2.4 PODOCONIOSIS SOIL AETIOLOGY 

The exact causal agent in the soil, which results in the inflammatory response is unknown, 

though many potential soil factors have been linked to podoconiosis. Price (1976b) was the 

first to directly link the disease to soil particles, suggesting a link with red clays. When wet, 

these clays become slippery and stick to the skin (Price, 1990), therefore forming a likely 

route for disease contraction. The presence of common soil-based elements such as Al, Zr, 

and Be and minerals such as quartz, mica, and smectite have been attributed to the disease 

in several contrasting studies which are reviewed here. An element can be defined as a 

substance made of entirely one type of atom whereas most minerals are compounds of 

different elements (Bishop et al., 1999).   

Different types of studies have been utilised to identify potential soil factors associated with 

podoconiosis. Firstly, studies which use microanalysis of lymphatic tissue to study soil 

particles, usually comparing the particles between elephantiasic individuals and non-

elephantiasic individuals (Heather and Price, 1972; Price, 1972b; Price and Henderson, 

1978; Price and Henderson, 1979). Secondly, soil particles analysed in vitro assays (Le 

Blond et al., 2017). Finally, studies which analyse soil data, either ground-sampled or online 

soil databases with podoconiosis prevalence (Molla et al., 2014; Deribe et al., 2015b; Muli, 

Gachohi and Kagai, 2017; Deribe et al., 2018b) or between podoconiosis endemic and non-

endemic regions (Price and Bailey, 1984; Frommel et al., 1993; Le Blond et al., 2017; 

Cooper et al., 2019). 

One of the initial soil properties which have been suggested to be associated with 

podoconiosis is silica (SiO2). Through histopathological investigations, observations from 

toes to groins of podoconiosis patients, Price (1972b) identified birefringence particles from 

microscopical appearances of lymph nodes macrophages, which he suggested to be an 

inorganic crystal, possibly silica. Silica is a birefringent material; birefringence can be used 

to describe the property when a light wave hits a mineral and splits into two beams as it 

passes through. It has been suggested that non-birefringent particles have a layer of protein 

which protect the tissues from harmful effects of ions (Price and Henderson, 1978). Price 

and Henderson (1978) identified through electron microscope microanalysis that 

birefringent particles were much more commonly observed in elephantiasic nodes than in 

non-elephantiasic nodes. Fyfe and Price (1985) investigated the hypothesis of silica being 

involved in obstructive lymphopathy by injecting crystalline silica into the lymphatic of the 

legs of rabbits, the response produced changes which resemble those seen in podoconiosis.  
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There are two main types of silica, crystalline and amorphous, crystalline is when the 

molecules of a solid form a repeating three-dimensional structure and amorphous is when 

the molecules of a solid aggregate in no particular order. Quartz (SiO2) can be described as 

the most common form of crystalline silica and in recent studies quartz has been suggested 

to be associated with podoconiosis. Molla et al. (2014) examined geospatial analysis of 

ground-sampled soil, based in Ethiopia, which identified quartz to have a significant risk 

ratio of 1.16 in relation to podoconiosis prevalence, in a multivariate model. In Le Blond et 

al. (2017) quartz was identified to elicit a strong haemolytic activity (HA), a non-specific 

measure of toxicity. However, in Le Blond et al. (2017) there was no statistically significant 

difference between the mean quartz level of endemic areas compared to non-endemic areas. 

Quartz has been suggested to be toxic to human cells by influencing water absorption and 

increasing the likelihood of infection (Molla et al., 2014). It has also been suggested that the 

repeated exposure of quartz could worsen stratum corneum degradation and enable particles 

to penetrate the skin (Le Blond et al., 2017). 

Related to silica and quartz is the element silicon (Si). Silica and quartz are compounds made 

up of the elements Si and O. Several studies have highlighted Si as associated with 

podoconiosis. Heather and Price (1972) carried out X-ray diffraction techniques on 3 tissue 

block extracts, 2 for non-filarial elephantiasis and 1 filarial, all were positive for Si and were 

not distinct from each other. However, it was identified that the counts for Si in patients of 

both filarial and non-filarial were on average 25% higher than found in people without the 

disease, although an overlap in the ranges could be seen (Heather and Price, 1972). Price 

and Henderson (1978) study on the lymphatic tissues of elephantiasic and non-elephantiasic 

subjects using electron microscope microanalysis, identified that in both groups the elements 

Si, Al, Mg, Na, Ca, and Fe are present in macrophages. However, there was a difference in 

the Al/Si ratio, with particles in elephantiasis tissues tending to have higher concentrations 

of Si, than non-elephantiasis tissues. The ratio between Al and Si has been proposed to be 

associated with podoconiosis. Following on from this Price and Henderson (1979) carried 

out elemental microanalysis of femoral lymph nodes of barefooted Ethiopians and 

predominance of silicon, aluminium, and iron was identified. In non-elephantiasic nodes 

similar particles were observed, but they were suggested to be more difficult to find (Price 

and Henderson, 1979). The Al/Si ratio of the particles in the lymph nodes of elephantiasis 

patients showed a statistically significant difference from that of non-elephantiasis (Price 

and Henderson, 1979). However, a later study by Price et al. (1981) in Cameroon did not 

support this, showing no significant differences in the Al/Si ratio. This discrepancy between 
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studies may highlight that there could be a difference between the aetiology of podoconiosis 

in different regions. Cooper et al. (2019) argues that the ubiquitous nature of Si and Al 

around the world with no widespread podoconiosis, despite the lack of shoes in many 

countries, challenges the theory that these elements could be triggers of podoconiosis. 

Al as an individual element has also been suggested as a predictor of podoconiosis in a study 

based in Kenya, in which ground-sampled soil samples were compared with village level 

podoconiosis prevalence data (Muli, Gachohi and Kagai, 2017). In addition soil iron was 

identified as a possible predictor of podoconiosis, the research is the first structured 

observational study to report podoconiosis in Kenya (Muli, Gachohi and Kagai, 2017).  

As well as quartz other minerals known as phyllosilicate minerals, smectite, kaolinite, and 

mica have been identified to be associated with podoconiosis (Molla et al., 2014). From a 

multivariate analysis it was identified that smectite had a risk ratio of 2.27 and mica had a 

risk ratio of 1.09, in relation to podoconiosis prevalence in Ethiopia, suggesting as mineral 

abundance increases so does the risk of podoconiosis (Molla et al., 2014). Kaolinite was not 

statistically significant in the multivariate analysis (Molla et al., 2014). However, from the 

univariate analysis kaolinite was identified to have a negative association with podoconiosis 

with an odds ratio of 0.91 (Molla et al., 2014). Yet, Price and Bailey (1984) revealed that 

higher numbers of submicron-sized clay particles, which included kaolinite, were identified 

in disease-associated soils. Le Blond et al. (2017) identified that there was no statistically 

significant difference between the amount of kaolinite and smectite in endemic and non-

endemic podoconiosis soils. There was a significant difference in the amount of mica, with 

podoconiosis endemic soils containing a greater amount statistically, compared to non-

endemic areas (Le Blond et al., 2017). However, Le Blond et al. (2017) identified that 

smectite, kaolinite, and as previously mentioned, quartz were shown to elicit strong HA. 

Further to this Le Blond et al. (2017) identified that a combination of an increase in Y, Zr, 

and Al2O3, and a concurrent increase in Fe2O3, TiO2, MnO, and Ba in soils increased HA. 

Feldspar, a type of aluminosilicate mineral, was identified to have a statistically lower 

percentage of feldspar composition in soils from podoconiosis endemic areas compared to 

soils from podoconiosis non-endemic areas (Le Blond et al., 2017). 

Frommel et al. (1993)  identified specific particles associated with podoconiosis prevalence. 

The study took place in the Ethiopian rift valley, known for high prevalence of podoconiosis 

and other nearby areas with low prevalence. The study identified that the occurrence of Be 

and Zr was statistically higher in the podoconiosis-endemic area (Frommel et al., 1993). 
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Price and Henderson (1978) identified only low levels of Zr in lymphatic tissues while Be 

was not detected at all. However, Harvey et al. (1996) suggested that the microanalysis may 

not be sensitive enough to detect Be as it remains a light element, although, the microanalysis 

should be able to detect Zr. Therefore, its absence suggests, in this case, it is an unlikely 

aetiological factor. Zr may still be a potential predictor of podoconiosis and has been 

suggested instead to facilitate dryness and cracking of skin on the feet (Molla et al., 2014).  

Podoconiosis prediction models have identified that silt and clay fraction percentage, from 

digital soil maps, can be utilised as predictors of podoconiosis (Deribe et al., 2015b; Deribe 

et al., 2018b). The Deribe et al. (2015b) study in Ethiopia suggested that podoconiosis was 

most common in areas with silt content of 30% and the clay content is 25-50% which is 

identified as the characteristics of clay soil. Clay soils have been previously suggested to be 

associated with podoconiosis because of their sticky fine textured nature which is suggested 

to easily penetrate skin and be absorbed (Price, 1990). Deribe et al. (2018b) found in 

Cameroon, clay fraction exceeding 40% reduced the likelihood of podoconiosis and when 

silt % was greater than 25% the likelihood of podoconiosis increased. 

Cooper et al. (2019) used principal component analysis (PCA), discriminant function 

analysis, and analysis of variance (ANOVA) to analyse ten oxides from five regions of 

Africa known to be associated with podoconiosis, and the Hawaiian Islands which were used 

as a control group. The outcomes imply that a unique alkaline- and silicon-rich geochemistry 

underlies regions associated with podoconiosis. In addition, increase in K and Na, and a 

decrease in Mg and Ca, are predictors of the presence of the disease. Si and Al were 

suggested to have a minimal association with podoconiosis and Cooper et al. (2019) suggests 

their role in podoconiosis may be less significant than previously suggested. In addition, they 

tested the Si/Al ratio and found that there is no clear separation between the podoconiosis-

associated regions and the non-associated region (Cooper et al., 2019). This link with K and 

Na is also identified in the Le Blond et al. (2017) study which reported an increase in K and 

Na in podoconiosis endemic soils. 

Soil pH has also been identified as a contributing predictor of podoconiosis in models, 

although it is not clear how the pH is associated with podoconiosis (Deribe et al., 2018b).  

Muli et al. (2017) found from their study based in Kenya, that increasing soil pH was 

associated with increasing prevalence of podoconiosis. Harvey et al. (1996) highlight that 

with decreasing particle size and therefore decreasing surface area to volume ratio of 
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particles, different chemical properties such as pH can determine the ability of particles to 

interact in biological systems. 

Particle size has also been identified as a potential contributor to podoconiosis occurrence. 

Price and Plant (1990) studied the effect of particle size, identifying significantly more 

particles of < 5µm in upland (endemic) than the lowland (non-endemic). Price and Bailey 

(1984) compared endemic soil to non-endemic soil, in tropical Africa. The size of the micro 

particles in clay were examined and it was seen to be that there was two and half times as 

many colloid (< 1µm) size particles in endemic soils than non-endemic. It has been 

suggested that elevated cytotoxic potential of particles is due to high surface area of the 

particle, a consequence of their small size, resulting in more reactive surfaces available 

(Guthrie Jr, 1997). Deribe et al. (2013) found that areas with fine soil texture compared to 

medium soil texture had a higher probability of podoconiosis prevalence. However, this was 

not identified by Molla et al. (2014), in which particle size was not significantly associated 

with podoconiosis prevalence. It could be suggested that particles need to be of a smaller 

size to enter through the skin of the foot. Price and Henderson (1978) identified particles 

found in the lymphatic tissue were from 0.5 to 2.0 microns. 

It remains unclear what the causal agent(s) of the soils which induces the podoconiosis 

response are, or if the soil variables identified in the literature could instead be disease 

covariates. Discrepancies between studies could be due to the location of the study, size of 

study, or type of study. Additional investigations need to be carried out to help further 

understand this.   

2.5 PODOCONIOSIS ENVIRONMENTAL COVARIATES 

Many environmental factors have been associated and some have been utilised in models to 

predict podoconiosis, yet they are not believed to directly influence the pathogenesis of 

podoconiosis. Table 2.2 lists covariates from the literature which have been identified as a 

predictor or as associated with podoconiosis. If applicable the range associated with high 

prevalence/occurrence of podoconiosis is noted. 
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Table 2-2 Displays covaraites from the literature that have been identified as a predictor of podoconiosis occurrence or 

prevalence,when applicable the range which predicts the highest occurrence or prevalence is noted. 

Covariate Dependent 

variable 

Range predicting highest 

occurrence/prevalence 

Location 

of study 

Reference 

Altitude 

(Above sea 

level) 

Podoconiosis 

prevalence 

>1000m Tropical 

Africa 

(Price and 

Bailey, 1984) 

Podoconiosis 

prevalence 

>1500m Ethiopia (Deribe et al., 

2013) 

Podoconiosis 

prevalence 

1000-2800m Ethiopia (Deribe et al., 

2015b) 

Podoconiosis 

occurrence 

1000-2000m Ethiopia (Deribe et al., 

2015b) 

Podoconiosis 

prevalence 

1000-2000m Cameroon (Deribe et al., 

2018b) 

Slope Podoconiosis 

occurrence 

- Ethiopia  (Deribe et al., 

2015b) 

Podoconiosis 

prevalence 

- Ethiopia (Deribe et al., 

2015b) 

Podoconiosis 

prevalence 

- Ethiopia (Deribe et al., 

2013) 

Podoconiosis 

prevalence 

Slope >10 degrees reduces the 

occurrence of podoconiosis 

Cameroon (Deribe et al., 

2018b) 

Annual 

rainfall 

Podoconiosis 

prevalence 

>1000mm Tropical 

Africa 

(Price and 

Bailey, 1984) 

Podoconiosis 

prevalence 

>1500mm Ethiopia  (Deribe et al., 

2013) 

Annual 

precipitation 

Podoconiosis 

prevalence 

>130mm  Ethiopia (Deribe et al., 

2013) 

Podoconiosis 

prevalence 

>1000 mm Ethiopia (Deribe et al., 

2015b) 

Podoconiosis 

occurrence 

>1000 mm Ethiopia (Deribe et al., 

2015b) 

Podoconiosis 

prevalence 

1000-2000mm Cameroon (Deribe et al., 

2018b) 

Enhanced 

vegetation 

index (EVI) 

Podoconiosis 

prevalence 

> 0.4 reduces the likelihood of 

podoconiosis 

Ethiopia (Deribe et al., 

2015a) 
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Covariate Dependent 

variable 

Range predicting highest 

occurrence/prevalence 

Location 

of study 

Reference 

Podoconiosis 

occurrence 

Linearly correlated up to 0.5, 

declines thereafter 

Ethiopia (Deribe et al., 

2015b) 

Podoconiosis 

prevalence 

> 0.2 Ethiopia (Deribe et al., 

2015b) 

Podoconiosis 

prevalence 

- Cameroon (Deribe et al., 

2018b) 

Land surface 

temperature 

Podoconiosis 

prevalence 

19-21°C Ethiopia (Deribe et al., 

2013) 

Podoconiosis 

prevalence 

- Cameroon (Deribe et al., 

2018b) 

Distance to 

water bodies 

Podoconiosis 

occurrence 

- Ethiopia (Deribe et al., 

2015b) 

Podoconiosis 

prevalence 

- Ethiopia (Deribe et al., 

2015b) 

Distance to 

rivers 

Podoconiosis 

prevalence 

- Ethiopia (Deribe et al., 

2018b) 

Distance from 

stable night 

light 

Podoconiosis 

prevalence 

- Cameroon  (Deribe et al., 

2018b) 

Population 

density  

Podoconiosis 

occurrence  

Negatively correlated with 

podoconiosis occurrence up to 

density of 10,000 then no effect on 

probability. 

Ethiopia (Deribe et al., 

2015b) 

Podoconiosis 

prevalence 

- Ethiopia (Deribe et al., 

2015b) 

 

From Table 2.2 not all variables have ranges predicting the highest podoconiosis, this may 

be due to a more complex relationship existing between the variable and podoconiosis. 

As acknowledged in section 2.4, it is widely reported that an agent present in the soil is a 

significant contributory factor to the development of podoconiosis. Thus, variables related 

to the formation of these irritant clays have been associated with podoconiosis prevalence. 

It could be proposed that rainfall and high altitudes are predictors of podoconiosis as they 

are suggested to aid the breakdown of lava and reformation of particles linked to 

podoconiosis (Davey, Tekola and Newport, 2007), through the process of weathering 
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(Eggleton, Foudoulis and Varkevisser, 1987). Slope has also been identified to affect soil 

erosion (Valmis, Dimoyiannis and Danalatos, 2005). 

This process of physical weathering is not only affected by abiotic variables but also the 

biotic factors of the environment. Enhanced vegetation index (EVI), an index derived from 

remote sensing data linked to near-Infrared (NIR), red, and blue reflectance levels (see 

equation 2.1) has been a significant predictor of podoconiosis in previous studies (Deribe et 

al., 2015b). 

Equation 2-1     EVI equation.                      

𝐸𝑉𝐼 = 𝐺 ×
(𝑁𝐼𝑅 − 𝑅𝐸𝐷)

(𝑁𝐼𝑅 + 𝐶1 × 𝑅𝐸𝐷 − 𝐶2 × 𝐵𝑙𝑢𝑒 + 𝐿)
 

G represents a gain factor. C1 and C2 are aerosol adjustment factors. L is a canopy 

background adjustment factor. NIR represents the Near Infrared band (780- 2500 nm), RED 

the Red band (620-750 nm) and BLUE the Blue band (450-495 nm).  

In Deribe et al. (2015a) areas with EVI > 0.4 were suggested to have a lower risk of 

podoconiosis, this could be as the greener and healthier the vegetation is, the more likely 

that there will be a decrease in the exposure of soil to feet. However, this is opposed in 

Deribe et al. (2015b) where a lower threshold level of EVI > 0.2 is associated with greater 

podoconiosis prevalence. 

It is anticipated that these environmental variables can be classed as environmental 

predictors, as their influence on podoconiosis is not direct, although they can be used as input 

variables in models and used to predict the risk of podoconiosis.  

2.6 SOCIAL- DEMOGRAPHIC FACTORS  

In addition to environmental covariates, several social and demographic factors have been 

identified as associated with podoconiosis. Table 2.3 highlights these factors.  
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Table 2-3 Social and demographic factors associated with podoconiosis. 

Social/demographic 

factor 

How the factor is associated 

with podoconiosis 

Location  Reference 

Age Increased age associated with 

podoconiosis occurrence. 

Kenya (Muli, Gachohi 

and Kagai, 2017) 

The risk of podoconiosis 

increased with individuals 56 

years or older. 

Kenya (Sultani et al., 

2021) 

The risk of podoconiosis 

increased with age. 

Ethiopia (Deribe et al., 

2015a) 

Prevalence increased with age. Cameroon (Wanji et al., 

2018) 

Sex Being female showed 

association with increased 

podoconiosis occurrence. 

Kenya (Muli, Gachohi 

and Kagai, 2017) 

Being female increased risk of 

podoconiosis. 

Ethiopia (Deribe et al., 

2015a) 

Female had higher prevalence of 

podoconiosis. 

Wayu Tuka 

‘woreda’ 

Ethiopia 

(Bekele et al., 

2016) 

Marital status  Not being married increased the 

risk of podoconiosis. 

Ethiopia (Deribe et al., 

2015a) 

Married individuals were more 

affected than single individuals.  

Cameroon (Wanji et al., 

2018) 

Education Non-formal education increased 

risk of podoconiosis. 

Kenya (Muli, Gachohi 

and Kagai, 2017) 

Being educated to either 

primary, secondary, or post-

secondary education decreased 

the risk of podoconiosis. 

Ethiopia (Deribe et al., 

2015a) 

Individuals with no formal 

education were most affected. 

Cameroon (Wanji et al., 

2018) 
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Social/demographic 

factor 

How the factor is associated 

with podoconiosis 

Location  Reference 

Frequency of 

wearing shoes  

Rarely wearing shoes showed 

association with increased 

podoconiosis.  

Kenya (Muli, Gachohi 

and Kagai, 2017; 

Sultani et al., 

2021) 

Number of shoes 

owned 

The odds of developing 

podoconiosis among those who 

had one pair of shoes were 

higher than to those who had 

more than three pairs of shoes. 

Ethiopia (Getachew and 

Churko, 2022) 

Frequency of 

washing legs 

Rarely washing feet showed 

association with increased 

podoconiosis. 

Kenya (Muli, Gachohi 

and Kagai, 2017) 

Washing legs weekly or less 

often increases podoconiosis 

risk. 

Ethiopia  (Deribe et al., 

2015a) 

Soap utilisation 

during foot washing 

The odds of developing 

podoconiosis among those who 

did not use soap during foot 

washing were higher than those 

who utilized soap. 

Ethiopia (Getachew and 

Churko, 2022) 

Floor covering Cement, wood, or plastic 

flooring reduced the risk of 

podoconiosis. 

Ethiopia (Deribe et al., 

2015b) 

Occupation Being unemployed or 

semiskilled increased the risk of 

podoconiosis. 

Ethiopia (Deribe et al., 

2015a) 

Religion Being non-muslin increased the 

risk of podoconiosis. 

Ethiopia (Deribe et al., 

2015a) 
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2.7 GIS AND HEALTH SCIENCE 

This section will cover the application of GIS in health science, a brief history of spatial 

epidemiology, predictive risk mapping, and the current use of GIS in podoconiosis research. 

2.7.1 GIS 

GIS stands for Geographical Information System. There is no universally accepted definition 

of GIS. Heywood et al. (2011) highlights that GIS is a broad topic with numerous definitions 

which vary depending on the author’s point of view and the approach being taken:                                                   

“GIS is a computer system for managing spatial data”- (Bonham-Carter, 2015) 

“A special class of information system that enables capture, modelling, storage, retrieval, 

sharing, manipulation, analysis, and presentation of geographically referenced data” - 

(Longley, 2005) 

 “A decision support system involving the integration of spatially referenced data in a 

problem solving environment” - (Cowen, 1988) 

It can be argued that all these definitions are correct; however, individually they do not 

encompass GIS as a whole. Regardless of the lack of consensus of the definition of GIS, the 

function is to support in “solving complex planning and management problems” (Antenucci 

et al., 1991).   

The application of GIS in health science has been highlighted by many scholars as beneficial 

due to its potential value to improve public health, reduce environmental risk (Scholten and 

de Lepper, 1991), and enhance the management and analysis of health care data (Twigg, 

1990). Verhasselt (1993) agrees, emphasising the value of GIS in the construction of 

hypotheses due to its capability to overlay and integrate spatial data and support quantitative 

analyses through the capability of handling large amounts of data. Heywood (1990) 

however, identifies adverse effects in the hypothesis formation capabilities, suggesting that 

GIS evokes more questions than it does answers and possibly fails to answer the original 

question. In an earlier paper, Twigg (1990) doubted the application in health science due to 

the difficulty of obtaining timely, spatially-referenced, accurate data. Health data can be 

difficult to acquire not just due to its expensive nature but also the political nature of 

establishing datasets (Taylor and Overton, 1991). What Twigg (1990) eluded to is 

highlighted by Matthews (1990) who suggested that users may fall into the trap of “Garbage-

in Garbage-out”, meaning the subsequent analysis is only as good as the input data allows. 

It is therefore important that users of GIS do not assume that data entered into a GIS is clean 
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and free from source errors. Heywood (1990) suggested for GIS to reach its full potential, 

recognising the limitations in data prior to analysis is essential. Matthews (1990) similarly 

recommends that epidemiologists and medical geographers adopt a cautionary and critical 

approach in using GIS. The issues highlighted are a concern with the implementation of GIS 

to health science, if these limitations are acknowledged and where possible removed, the use 

of GIS for medical geography becomes viable. However, in regards to Twigg’s (1990) point, 

it should be noted that at present much data is more easily available and geolocated, 

particularly due to the increase of open data sources (Johnson et al., 2017).   

A separate concern to the accuracy of GIS and epidemiology is the interest of confidentiality. 

With the ability of GIS to augment and display health data with spatial information, 

confidentiality of patients can easily be exposed (Vine, Degnan and Hanchette, 1997). 

However, it is argued the importance of mapping georeferenced, individual level, health data 

can facilitate the identification of valuable geographical patterns (Rushton et al., 2007; 

Zandbergen, 2009). Datasets collected as public health research will often contain 

information such as an individual’s name, age, gender, race, income, as well as the specific 

health-related conditions. This information cannot be released publicly as it would violate 

the confidentiality clauses (Reiter and Kinney, 2011), data collected at an individual level 

will often contain geographic identifiers, such as street addresses.  

A way forward to protect confidentiality is a process known as geocoding in which 

geographic identifiers are converted into locations on a map (Goldberg, Wilson and 

Knoblock, 2007). Releasing the longitude and latitude information at an individual level can 

result in the locations being reverse geocoded to find information on the addresses and 

identities associated with those locations (Kounadi et al., 2013). There have been several 

methods identified for reducing confidentiality risk. One of the simplest methods is not to 

share any individual-level data of the research, however, this can be an issue when one of 

the requirements of funding organisations is to make the data available (Tenopir et al., 2011). 

A commonly used solution is releasing the data in an aggregated form, for example 

combining individual level data within a spatial unit (Fefferman, O'Neil and Naumova, 

2005). Spatially aggregated data has been identified as less beneficial compared to having 

access to individual locations (Armstrong, Rushton and Zimmerman, 1999). A final 

technique is known as geographic masking which is a process of alternating the coordinates 

of point location data, to limit the risk of re-identification (Armstrong, Rushton and 

Zimmerman, 1999). The amount of displacement to achieve confidentiality has been 

addressed in several studies though no common guidelines have emerged (Kwan, Casas and 



 

 

26 

 

Schmitz, 2004). Nonetheless it has been agreed that the amount of displacement should be 

inversely proportional to the local population density (Armstrong, Rushton and Zimmerman, 

1999; Kwan, Casas and Schmitz, 2004; Cassa et al., 2006; Cassa, Wieland and Mandl, 2008; 

Lu, Yorke and Zhan, 2012). Displacing data points can result in the inability to derive 

relevant spatial relationships, many studies have noticed a gradual reduction in the utility of 

data with an increase in displacement distances. However, Zandbergen (2014) suggests that 

finding a balance between data utility and confidentiality protection is possible for a given 

scenario. 

2.7.2 Spatial epidemiology 

Spatial epidemiology is a sub-discipline of epidemiology which examines disease 

determinants and patterns in populations (Elliott and Wartenberg, 2004). Spatial 

epidemiology has its foundations in medical geography, found in the literature of several 

ancient civilisations, China, Greece, and India. In the 5th century Hippocrates, a physician, 

was among the first to observe a relationship between human health and the environment 

(Kleisiaris, Sfakianakis and Papathanasiou, 2014). It is strongly believed that medical maps 

were not produced until the late 18th century as data was not available until then (Barrett, 

2000). Many believe that the catalyst for the beginning of medical mapping was the spread 

of cholera from India to Europe (Gilbert, 1958; Jarcho, 1970; Robinson, 1982). Jarcho 

(1970) identified 36 authors between 1820 and 1836 who published maps on cholera.   

Perhaps the most famous exemplar of cholera and medical mapping was John Snow (1855), 

in Soho London he demonstrated the spread of cholera through contaminated water by a spot 

map approach, distinguishing that cases were clustered around the Broad Street pump 

handle. Snow’s (1855) map is perhaps the most famous, yet, the first known spot maps in 

cartography are believed to be of yellow fever by New York physician Valentine Seaman in 

1798, seen in figure 2.4. 
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Figure 2-4 Seamans’ second map of yellow fever in New York (Seaman, 1798). 

Seaman (1798) believed that yellow fever was caused by concentrated areas of rubbish at 

the docks, Welhausen (2015) suggests that Seaman positioned the docks near the bottom of 

the map to emphasise the location of the believed cause. Seaman’s use of medical 

cartography and others around this period was to prove their own theories (Stevenson, 1965; 

Shannon, 1981), whereas current day use also utilises maps to generate new hypotheses. 

Many limitations can be identified from these spot maps, primarily Seaman’s (1798) map is 

in support of the Miasma theory. In addition, spot maps did not consider population 

denominators and therefore do not explain disease rates; a priority in contemporary 

epidemiological studies. However, it is suggested these early studies laid the foundations for 

geographic and cartographic applications in health science.                                                                                                                                    

One of the main problems for early medical geographers was the lack of technology and data 

availability, maps had to be drawn by hand and were therefore difficult to reproduce.  

From the late 19th century and early 20th century spatial epidemiology went from a 

descriptive science to an analytical science due to the rise of medical schools and journals, 

exposure to previously unknown diseases, and large-scale migration of people into new areas 

(Light, 1944). Advances were also made due to increase in sophisticated medical research, 

new scientific techniques, and innovations of mapping, such as the availability of base maps 
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and improved mechanical equipment (Light, 1944). A major turning point in the 

development of spatial epidemiology in the 20th century was the development of the term 

‘landscape epidemiology’ (Pavlovsky, 1966). Consisting of three basic approaches; 1) 

disease tends to be limited geographically; 2) spatial variation arises from underlying 

variation in physical and/or biological conditions; and 3) if those abiotic and biotic 

conditions can be delimited on maps, then both risk and future change in risk should be 

predictable (Pavlovsky, 1966). These methods established in landscape epidemiology are 

present in many modern spatial epidemiology studies (Svensson et al., 2009; Reisen, 2010; 

Deribe et al., 2015b; Deilami et al., 2017). 

Advancement to current day spatial epidemiology is due to the scientific and technological 

development of GIS. Most spatial epidemiological studies at present utilise GIS for several 

practices. For example, investigating the spatiotemporal patterns of diseases for disease 

surveillance (Chang et al., 2009), investigating the aetiology of diseases (Um et al., 2014), 

and to predict locations which are most at risk of disease. In turn, this information can be 

utilised to determine the most suitable locations for health care centres or prevention 

programmes (Stopka et al., 2014). Determining the locations most at risk of disease or health 

issues is known as predictive mapping which will be discussed in section 2.7.3.                                                                                                   

With the advance of spatial epidemiology due to the increase in data availability and analytic 

methods, there has been an increase in challenges. Caution needs to be taken when creating 

and evaluating maps. In Monmonier (1996) book ‘how to lie with maps’ it is shown how 

maps can be easily manipulated to show different outcomes. Monmonier (1996) looks at 

Snows dot map and suggests how different ways of aggregating the data may have diluted 

the Broad Street cluster, figure 2.5.  
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Figure 2-5 Snow spot map with different aggregation of cholera cases (Monmonier, 1996). 

 

This concept of how aggregating the data influences the outcomes of maps is also 

highlighted in spatial epidemiology by Elliot and Wartenberg (2004). Figure 2.6 is from a 

childhood study of lead poisoning showing the percentage of homes built before 1950 from 

US census data in New Jersey. 

 

 

 

Figure 2-6 Percentage of homes built before 1950 in New Jersey, based on US census data. Maps depict the same data 

just at different scales which include block groups, zip codes and counties (Elliott and Wartenberg, 2004). 
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Elliott and Wartenberg (2004) highlight that when looking at larger spatial units it can mask 

relevant geographical variation. Different scales and aggregation can emphasise different 

features, which will lead to dissimilar but valid maps. This is known as the modifiable areal 

unit problem (MAUP), which is the influence of the scale but also zoning (effect of unit 

shape) of the unit area (Openshaw and Openshaw, 1984). Some have suggested that any 

study of the association of health and place will be affected by scale and zoning (Cockings 

and Martin, 2005; Schuurman et al., 2007). MAUP can impact not only the visual of the map 

but also subsequent analysis that takes place including univariate and multivariate regression 

(Briant, Combes and Lafourcade, 2010), which can lead to unreliable results (Jelinski and 

Wu, 1996). It is suggested that health related studies are more at risk of MAUP; the health 

status of an individual is caused by multiple factors across a geographic area, which vary at 

different spatial scales (Swift, Liu and Uber, 2008; Diniz-Filho et al., 2009). One way to 

overcome this issue is to select geographic units which possess high internal homogeneity 

and maintain a substantial amount of between unit heterogeneity (Haynes et al., 2007). 

However, the choice is often dictated by the availability of data and sparsity of data, there 

will be trade-off between the internal homogeneity and precision of risk estimates (Elliott 

and Wartenberg, 2004).        

2.7.3 Podoconiosis mapping  

One of the early attempts of podoconiosis mapping was by Price (1974) in a region of 

Ethiopia, the distribution was obtained by an enquiry into local rural health care units, 

elephantiasis clinic, and schools. However, this study was not able to separate podoconiosis 

from filarial lymphedema due to similar symptoms (Rockson, 2001). From this initial 

approach, other studies have focused on mapping endemic areas using a census approach of 

the whole, or a sample of a community, and methods to ensure only non-filarial elephantiasis 

was recorded (Destas, Ashine and Davey, 2003; Alemu et al., 2011; Molla et al., 2012b; 

Tekola Ayele et al., 2013; Wanji et al., 2016; Muli, Gachohi and Kagai, 2017).  

Deribe et al. (2015b) suggested that a countrywide census would be ideal for counting the 

number of podoconiosis cases, however, it is resource intensive and therefore not logistically 

possible. Deribe et al. (2015b) instead identified the practical use of a spatial modelling 

approach, in which environmental predictors are used to determine the likelihood of the 

disease occurring at a location. Deribe et al. (2015b) used remotely sensed environmental 

data from Ethiopia, Table 2.4 identifies the variables utilised in the study. 
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Table 2-4 The environmental and social variables measured, spatial resolution of source/sensor, from the podoconiosis 

mapping study in Ethiopia (Deribe et al., 2015b). 

Variable Spatial resolution Source/sensor 

Elevation 

Slope 

90m Shuttle Radar Topography 

Mission (SRTM) 

Silt, clay and sand content 

Dominant soil type 

Soil pH 

1km ISRIC-World Soil 

Information project 

Soil texture 1km Africa Soil Information 

Service (AfSIS) 

Water bodies 250m SRTM 

Land cover type 300m ENVISAT mission’s 

Medium Resolution 

Imaging Spectrometer 

(MERIS) sensor 

Enhanced Vegetation Index 250m (AfSIS) 

Population density 100m World pop project 

Rural-urban classification 1km Global Rural-Urban 

Mapping project (GRUMP) 

 

The variables include elevation from Shuttle Radar Topography Mission (SRTM) and land 

cover type from ENVISAT. Other datasets were obtained from online databases; soil data 

including silt, clay, sand content, soil pH, and dominant soil type was from ISRIC-World 

soil information project based on spatial prediction methods using remote sensing data from 

MODIS land products, SRTM digital elevation model (DEM), and various climatic data 

products. Temperature and annual precipitation from WorldClim database are calculated 

from interpolating climate data from weather stations. EVI obtained from the African Soil 

Information Service (AFSIS) using Terra satellite utilising the MODIS sensor. It was 

determined that major predictors of the occurrence of podoconiosis was annual precipitation, 

elevation, EVI, and population density calculated from the spatial modelling approach of 
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Boosted Regression Trees (BRT). Figure 2.7 shows the podoconiosis risk map of Ethiopia 

produced from the BRT spatial modelling. 

 

Figure 2-7 a) the predicted suitability for podoconiosis and b) the uncertainty associated with the suitability prediction 

(Deribe et al., 2015b). 

In addition to Ethiopia, country-wide mapping for podoconiosis in Cameroon using similar 

techniques has been carried out (Deribe et al., 2018b), and in Rwanda using a binomial 

mixed model (Deribe et al., 2019). 

Yet, apart from the use of broad scale soil data from online databases, measuring silt, clay, 

and sand percentage, the podoconiosis prediction models have lacked the input of individual 

soil elemental or mineral podoconiosis associated variables. This is likely due to the 

inaccessibility for high detailed soil elemental and mineral maps. Mapping the specific 

elemental and mineralogical properties which are associated with podoconiosis could allow 

for increased accuracy in the prediction of podoconiosis risk and allow for podoconiosis risk 

prediction at smaller more local spatial scales which may not have been possible before due 

to the larger spatial resolution of the digital soil maps. For example, the silt, clay, and sand 
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content from the ISCRI and the African Soil Information System project is at a spatial 

resolution of 1km2. 

2.8 REMOTE SENSING IN THE HEALTH SCIENCES 

The application of remote sensing to health science has been long recognised (Cline, 1970), 

benefits of remote sensing include that it is a non-destructive method and is time-cost 

effective. The first extensive review on epidemiological applications of remote sensing was 

by Cline (1970) “New Eyes for Epidemiologists: Aerial Photography and Other Remote 

Sensing techniques” in which he expressed the need for an increased use of remote sensing 

technology, other than aerial photographs in the visible spectrum for application to the health 

sciences. The advances in the quality of remote sensing data has allowed the recording of 

environmental data in remote places of the world and without the need for field collection 

(Hay, 2000).  

Landscape epidemiology, mapping the geographical limits of disease vectors or parasites, 

has utilised remote sensing data. Landscape epidemiology has been used for mapping the 

environmental limits of schistosomiasis (Walz et al., 2015), dengue fever (Ashby et al., 

2017), malaria (Kazansky, Wood and Sutherlun, 2016), and Lyme disease (Ozdenerol, 

2015). 

In addition to mapping the geographic restraints of parasites and vectors the concept of 

landscape epidemiology can be applied to non-infectious diseases. Cline (1970) briefly 

mentions the application in non-infectious diseases, in which he highlights the associations 

between trace elements or radioactive material in soil and water with certain diseases, 

suggesting these “might also be examined using remote sensing techniques”. Fields in which 

non-infectious diseases have utilised remote sensing include air pollution monitoring (Wang 

and Christopher, 2003), mental health (Beyer et al., 2014), and heavy metal pollution (Choe 

et al., 2008).  

2.9 REMOTE SENSING AND PODOCONIOSIS 

As identified in section 2.7.3 remote sensing data has been utilised in the prediction of 

podoconiosis, across the regions of Cameroon, Ethiopia, and Rwanda (Deribe et al., 2015b; 

Deribe et al., 2018b; Deribe et al., 2019). In addition, Molla et al. (2014) utilised remote 

sensing data (including digital elevation models, and variables derived from elevation) in a 

spatial modelling approach in tandem with interpolation models of soil variables. 
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The application of remote sensing to podoconiosis research has proved successful (Molla et 

al., 2014; Deribe et al., 2015b; Deribe et al., 2017; Deribe et al., 2018b), however, to date, 

this application has typically occurred at a coarse spatial scale and low spectral resolution. 

To date, no podoconiosis studies have attempted to utilise remote sensing to predict the 

presence and abundance of individual soil variables identified as associated with 

podoconiosis, through the implementation of spectral analysis methods. Section 2.10 will 

present a review of literature centred on the prediction of soil properties through the 

utilisation of remote sensing data. 

2.10 REMOTE SENSING SOIL PROPERTIES  

As stated, in section 2.7.3 a gap in knowledge exists in the application of remote sensing to 

predict soil properties associated with podoconiosis. The use of remote sensing to map soil 

properties has been highlighted as advantageous compared to classical field surveys which 

are time consuming and expensive (Dobos et al., 2001; Behrens and Scholten, 2006; Mulder 

et al., 2011).  

One of the first uses of remote sensing which incorporated soil surveys was in the 1930s in 

the US, black and white aerial photographs were prepared as base maps for soil surveys 

(Baumgardner et al., 1986). At this time the process of supplementing photographs for 

survey data became a worthy consideration to obtain information in inaccessible remote 

corners of the earth (Emmons 3rd, 1938). In the late 1960s and early 1970s, multispectral 

sensors (MSS) data was investigated for the use to delineate differences in soil surfaces 

(Kristof, 1971). Kristof and Zachary (1975) had partial success in delineating soils, through 

digital analysis of aerial MSS data, which is based primarily on soil spectral variations. 

These studies utilised spectroscopy which is a commonly used method for predicting soil 

properties with remote sensing data. 

Spectroscopy is the science of investigating and measuring the spectra produced when 

material interacts with or emits electromagnetic radiation (Clark, 1999b). The fundamental 

principal of spectroscopy is that different materials produce distinct absorption features 

based on the proportions of energy reflected, absorbed, and transmitted  (Lillesand, Kiefer 

and Chipman, 2014). 

2.10.1.1 Spectral regions for characterising soil properties 

Spectroscopy has been used to characterise soil properties. Soil spectra contain information 

on the biogeochemical constituents, moisture conditions of the soil surface, and optical 
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geometric scattering properties such as particle size, roughness, and aspect (Rossel et al., 

2016). Different soil spectral reflectance signatures occur due to the presence or absence of 

specific absorption features. Absorption features at specific wavelengths are caused by both 

electronic and vibrational processes in the molecules (Hunt, 1970). 

Many researchers have identified that spectra in the visible, (VIS) (400-700nm), near-

Infrared, (NIR) (700-1100nm) and short-wave Infrared (SWIR) (1100- 2500nm) spectral 

regions can characterise physical, mineralogical, and chemical properties of soil 

(Baumgardner et al., 1986; Ben-Dor and Banin, 1994; Malley, Martin and Ben-Dor, 2004; 

Rossel et al., 2006; Xuemei and Jianshe, 2013). Examples of soil properties quantified over 

these spectral regions include soil organic matter (SOC) (Gomez, Rossel and McBratney, 

2008), soil salinity (Allbed and Kumar, 2013), soil moisture (Lobell and Asner, 2002), iron 

oxides (Gannouni, Rebai and Abdeljaoued, 2012), kaolinite, illite, and montmorillonite  

(Awad et al., 2018).  

Absorption features in the visible and near-infrared region are associated with electronic 

processes which are associated with crystal field effects in transition elements such as Fe, 

Cr, Co, and Ni (Van der Meer and De Jong, 2011). Absorption features in the SWIR region 

are associated with vibrational processes of H2O and OH-, carbonate and sulphate (Hunt, 

1977). Broad and shallow features occur in the visible near-infrared (VNIR) part of the 

spectrum due to the electronic processes and narrow, more pronounced features occur in the 

SWIR part of the spectrum due to the vibrational processes (Van der Meer et al., 2012). 

Figure 2.8 shows an example of the diagnostic spectral features of the mineral alunite and 

jarosite from the USGS spectral library. 

 

Figure 2-8 The spectra of alunite and jarosite from USGS spectral library with diagnostic absorption features labelled 

(Modabberi, Ahmadi and Tangestani, 2017). 
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The VIS-NIR-SWIR wavelengths have been identified as useful in capturing most soil 

properties, however, some soil properties such as quartz do not contain any distinct 

absorption features in the VIS-NIR-SWIR wavelengths (Guha and Kumar, 2016). Instead, 

the thermal infrared region (TIR) (3000-14,000 nm) can detect the absorption features of 

quartz, by the Reststrahlen band. The Reststrahlen band detects the strong fundamental 

molecular vibrations of the Si-O stretching (Rubio, Caselles and Badenas, 1997). This means 

that quartz and other minerals with Si-O bonds which are undetectable in the VIS-NIR-

SWIR region, such as feldspars can be detected. There is relationship between the position 

of the Reststrahlen bands and silica content. It has been suggested that the higher the silica 

percentage, the position of the Reststrahlen band shifts to smaller wavelengths (Lyon, 1964). 

In addition, other features, known as the Christiansen feature (CF) and the Transparency 

Feature (TF) in the TIR can be utilised to infer minerals. The Christiansen effect results in a 

backscattering minimum, this occurs at the wavelength at which the material’s refractive 

index approaches the refractive index of the medium (Logan et al., 1973). This emissivity 

maximum (reflectance minimum) is referred to as the CF. The CF occurs to the left of the 

primary Reststrahlen peak. The position of the CF has been identified to correspond with 

SiO2 content, as SiO2 content increases the CF shifts from longer to shorter wavelengths 

(Nash and Salisbury, 1991). The CF has also been used to identify mineral groups and rock 

types (Cooper et al., 2002). The CF has been identified as important in lunar studies, as the 

Reststrahlen bands can be supressed by characteristic fine grain sizes, whereas the 

Christiansen feature is not as sensitive to grain size (Lucey et al., 2021).  

The TF is an emissivity minimum, reflectance maximum, which is linked to the 

surface/volume ratio of a particle, defining the ratio of scattered/absorbed light (Mustard and 

Hays, 1997). The occurrence of the TF is characteristic of extremely fine samples (Conel, 

1969). 

Figure 2.9 shows an example of quartz absorption features in the TIR with varying grain 

size. 
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Figure 2-9 Spectra of 3 quartz samples with varying grain size are offset vertically. The Christensen feature is shown by 

the first single arrow, the double arrow shows the primary Reststrahlen bands, and the broad arrow shows the 

transparency peak (Salisbury, Walter and D'Aria, 1988). 

Additionally the mid-wave infrared (MIR) wavelengths (2600-5500nm) comprise the 

fundamental stretching vibrations of O-H bonds which occur in hydroxylated minerals such 

as smectites, kaolinites, and micas, the absorption feature is commonly situated between 

2675 and 2890nm (Laukamp et al., 2021). 

The  position, shape, and intensity of diagnostic features can change due to factors such as 

grain size (Le Bras and Erard, 2003), soil moisture (Lobell and Asner, 2002) and impurities. 

For example, the reduction in grain size has been identified to reduce the Reststrahlen 

features, as seen in figure 2.9 (Salisbury, Walter and D'Aria, 1988). 

It can be determined that understanding the absorption features of the soil properties of 

interest is important for selecting sensors to ensure their spectral range covers the diagnostic 

absorption features. Table 2.5 shows an example of minerals and the wavelength regions 

which contain their diagnostic absorption features. 
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Table 2-5 Highlighting the location of diagnostic absorption features for minerals (Coulter et al., 2017). 

 

2.10.2 Multi and hyperspectral  

To be able to predict soil properties from the distinct absorption features of spectral 

signatures, images with multiple bands need to be utilised. The more bands available the 

more detail can be collected. Hyperspectral and multispectral are two types of spectral 

imaging. Multispectral imaging measures reflectance at discrete wavelength bands. An 

example of a multispectral satellite is Landsat 8, which has 11 discrete spectral bands; coastal 

aerosol (0.435-0.451μm), blue (0.452-0.512μm) green (0.533-0.590μm), red (0.636-

0.673μm), near infrared (0.851-0.879μm), short-wave infrared 1 (1.566-1.651μm), short 

wave infrared 2 (2.107-2.294μm), panchromatic (0.503-0.676μm), cirrus (1.363-1.384μm), 

TIRS 1 (10.60-11.19μm) and TIRS 2 (11.50-12.51μm). Hyperspectral imaging measures 

almost-continuous narrow bands. An example of a hyperspectral sensor is Hyperion which 

has 220 spectral bands. 

The above-mentioned sensors are satellite remote sensing systems, in addition, multispectral 

and hyperspectral data can be collected by airborne sensors and handheld sensors, in the 

field or in laboratories. The method used to collect the data, satellite, airborne, or handheld, 

can impact the spectral data collected. For example, spectral signatures collected in the 

laboratory will be under controlled conditions, whereas those collected in the field will be 

affected by variations in soil texture, viewing angles and those collected from the aerial 

platforms and satellites will be affected by atmospheric interference and low signal to noise 
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ratios (Paz-Kagan et al., 2015). Handheld systems are suitable when sensing small samples 

and are often used for research, whereas airborne and satellite sensors cover larger areas. 

The advantage of satellite sensors over airborne sensors is satellite sensor data are usually 

low cost or free to the user and can have global coverage (Klemas, 2012). 

For mapping soil properties hyperspectral sensors are suggested as more advantageous than 

multispectral sensors, due to hyperspectral data continuous narrow bands, resulting in a 

higher level of spectral detail. In several studies hyperspectral data has been identified as 

more successful in predicting soil properties than multispectral (Moreira, Teixeira and 

Galvão, 2015; Castaldi et al., 2016). It has been suggested that hyperspectral satellites are 

poorly represented in comparison to multispectral satellites due to sensor cost, data volume, 

and the associated data processing time and cost (Govender, Chetty and Bulcock, 2007). At 

present there is a lack of hyperspectral satellite sensors in operation, but with many launches 

planned for the future, such as Spaceborne Hyperspectral Applicative Land and Ocean 

Mission (SHALOM) a joint mission by the Israeli and Italian space agencies (Feingersh and 

Dor, 2015), this issue may be addressed. 

However, in comparison to multispectral sensors, hyperspectral sensors often have a lower 

signal to noise ratio (SNR), this is due to the narrower width of the spectral bands in the 

hyperspectral image (Moses et al., 2012). In addition, at present no hyperspectral satellite 

sensors have bands over VNIR, SWIR, and TIR, therefore for minerals such as quartz using 

multispectral TIR sensors is at present the only option for satellite remote sensing of minerals 

with no diagnostic features in the VNIR-SWIR region (Ninomiya and Fu, 2019). The NASA 

mission, surface biology and geology (SBG) is planning on addressing this gap by creating 

a sensor which will collect hyperspectral VNIR-SWIR (380-2500nm), (3000-5000nm), and 

TIR (8000-12000nm) imagery (Cawse-Nicholson et al., 2021) and evidences the 

opportunities that will exist for hyperspectral remote sensing to be used even more 

effectively for this purpose in the future. 

2.10.3 Spectral unmixing 

The spectral signatures collected by remote sensing sensors can be used to characterise and 

quantify soil properties. An issue that needs to be resolved to characterise and quantify soil 

properties is the mixed pixel problem. A mixed pixel contains the reflectance data of multiple 

materials, unlike a pure pixel which contains the reflectance value from one material. The 

mixed pixel problem is due to the coarser spatial resolution of the multispectral and 

hyperspectral sensors, in comparison to the microscopic materials in the soil which are to be 
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predicted. Mixed pixels are an issue as the pixel’s reflectance values are a combination of 

the mixture of substances in the pixel. Spectral unmixing, is a process in which the spectrum 

of a mixed pixel is decomposed into a selection of spectral endmembers and a set of 

corresponding fractional abundances, which indicate the proportional contribution of each 

material in the pixel (Keshava and Mustard, 2002). 

There are two stages of spectral unmixing models, firstly endmember extraction and 

secondly abundance estimation. Endmembers are described as a signature which represents 

only a single material (Martínez et al., 2006). The abundance is described as the fractional 

area cover of each endmember in the mixed pixel (Bioucas-Dias et al., 2012). Endmember 

extraction and unmixing can be carried out in a sequential or simultaneous manner. 

Endmember selection is described in section 2.10.3.1.1 and inversion methods are described 

in section 2.10.3.1.2, 2.10.3.1.3, and 2.10.3.1.4. 

2.10.3.1.1 Endmember extraction 

Endmembers are required as reference spectra for the material to be predicted by spectral 

unmixing algorithms. The endmembers can be utilised from different sources, either derived 

from the image (image endmembers), from field reflectance spectra, or spectral libraries 

(reference endmembers). 

Image endmember extraction algorithms can be split into two groups: pure pixel-based 

algorithms and non-pure pixel-based algorithms. Pure pixel-based algorithms assume that 

the image contains at least one pure pixel corresponding to each endmember. 

Pure pixel-based algorithms include, pure pixel index (PPI) (Boardman, 1994a), N-FINDR 

(Winter, 1999), vertex component analysis (VCA) (Nascimento and Dias, 2005), Automatic 

Target Generation Procedure (ATGP) (Ren and Chang, 2003), Endmember extraction based 

on discrete firefly algorithm (EE-DFA) (Zhang et al., 2017), convex cone analysis (CCA) 

(Ifarraguerri and Chang, 1999), and automated morphological endmember extraction 

(AMEE) (Plaza et al., 2002). It has been suggested that these algorithms have low 

computational complexity and high efficiency, however, require the assumption that the 

image contains at least one pure pixel, which is unlikely in soil mineral unmixing. 

Algorithms such as minimum volume simplex analysis (MVSA) (Li and Bioucas-Dias, 

2008), minimum volume constrained nonnegative matrix factorization (MVC-NMF) (Miao 

and Qi, 2007), minimum volume enclosing simplex (MVES) (Chan et al., 2009), and 

minimum volume transform (MVT), have been suggested when there is no pure pixel 

assumption. Methods which do not assume pure pixels, aim to generate virtual endmembers, 
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which are not necessarily present in the input data. However, these methods cannot cope 

with nonlinearities.  

Endmember extraction algorithms on nonlinearly mixed data with no pure endmembers are 

less common. Heylen et al. (2014) looked at a data driven framework, by extending the idea 

of N-FINDR algorithm to nonlinear mixing by distance geometry as the vertices of 

maximum linear simplex may not correspond to the endmembers in nonlinear data. 

However, the limitations of the distance geometry method are that the number of 

endmembers need to be estimated prior to use, it is sensitive to noise, and high computational 

complexity (Yang, Chen and Wang, 2020). Yang and Wang (2020) proposed a hypergraph 

and fuzzy assessment based nonlinear endmember extraction (HFNEE). However, Yang and 

Wang (2020) method has the assumption of pure-pixels which as previously suggested are 

unlikely to occur in highly mixed hyperspectral data. Therefore, HFNEE may wrongly 

extract endmembers when data are highly mixed. More recently Jiang et al. (2021) proposed 

a geodesic simplex based multiobjective endmember extraction (GS-MoEE) approach to 

extract endmembers from nonlinear mixtures. Yet, to determine the number of endmembers 

the function FindKnee proposed in (Li et al., 2013) is used or prior knowledge is required. 

However, the FindKnee function has been suggested to sometimes fail to work on nonlinear 

mixtures particularly when the spectra has high similarity (Jiang et al., 2021). Therefore, 

without prior knowledge this method may not extract suitable endmembers. 

Extracting endmembers from the image has been suggested as most effective compared to 

those endmembers from spectral libraries and field spectra, as image endmembers are 

collected at the same scale and under the same environmental conditions as the image (Plaza 

et al., 2004). If endmembers cannot be extracted from the image, spectral libraries or 

endmembers recorded from handheld sensors can be utilised. The disadvantage of reference 

endmembers is that they are not collected under the same conditions as the image and may 

not be associated with features in the scene.  

2.10.3.1.2 Linear spectral unmixing 

Once the endmembers have been selected through one of the methods described in section 

2.10.3.1.1, unmixing can take place. Unmixing can be divided into two types, linear and 

nonlinear spectral unmixing. Linear unmixing assumes a well-defined proportional mixture 

of discrete materials with a single reflectance of the incoming solar radiation (Prost, 2013). 

Whereas nonlinear unmixing assumes the mixture of materials are randomly distributed 

homogeneous mixture, also known as an intimate mixture, with multiple reflections of the 
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illuminating radiation. Figure 2.10 shows the reflecting surface of discrete minerals which 

would utilise linear spectral unmixing and the reflecting surface of an intimate mixture which 

would utilise nonlinear unmixing. 

 

Figure 2-10 a) A surface that consists of distinct discrete endmembers (linear unmixing) b) The incident solar radiation 

interacts with an intimate mixture resulting in multiple bounces (nonlinear unmixing) (Keshava and Mustard, 2002). 

Linear spectral unmixing is a common approach, the observed spectrum of each pixel is 

assumed to result from a linear combination of each endmember. The linear unmixing 

approach can be expressed as: 
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Equation 2-2 Linear mixing model. 

𝑥𝑗 = ∑ 𝑎𝑖𝑠𝑖,𝑗 + 𝜖𝑗

𝑟

𝑖=1

 

Where 𝑥𝑗 represents a pixel, r is the number of endmembers present in the image, 𝑎𝑖 represents 

the 𝑖 𝑡ℎ spectral signature, 𝑠𝑖,𝑗 is the corresponding abundance in 𝑥𝑗, and 𝜖𝑗 is the error. For the 

abundance matrix to be physically meaningful constraints should be added to ensure non-

negativity and sum to one. Least squares estimation is a common approach for linear 

unmixing (Lawson and Hanson, 1974; Heinz, 2001; Broadwater et al., 2007; Heylen, 

Burazerovic and Scheunders, 2011). 

Least squares estimation objective is to estimate the proportion of each component in an 

image pixel by minimising the sum of squares errors. The fully constrained least squared 

(FCLS) method is popular as constraints are applied to the abundance matrix to ensure the 

outcomes are physically meaningful, the constraints include non-negativity and sum to 1 

constraint (Heinz, 2001). Another least squares algorithm is nonnegative least squares 

(NNLS), the NNLS ensures no negativity of the abundances but does not enforce the 

abundances to sum to one (Lawson and Hanson, 1974). Whereas the unconstrained least 

squares (UCLS) could have abundances values which contain negative values and may not 

satisfy the sum to one restriction. In a study by Williams et al. (2017) on unmixing ground 

cover classes, it was identified that FCLS outperformed both NNLS and UCLS. The FCLS 

and methods based on the FCLS have been used in linear unmixing of hyperspectral and 

multispectral data (Broadwater et al., 2007; Heylen, Burazerovic and Scheunders, 2011; Cai, 

Zhang and Lin, 2020). However, in Liu et al. (2018) the NNLS is normalised to sum to 1 

after the unmixing, and produced  better results than the FCLS, this is suggested to occur as 

the NNLS does not have the sum to one constraint therefore photometric and shadow effects 

can be accounted for. In contrast, Liu et al. (2018) state that FCLS is systematically slightly 

better than NNLS when no shadows are present in the data. 

The least squares estimation methods above are known as physics-based methods, more 

recently data driven methods have been applied to the linear unmixing problem. Data driven 

methods include deep learning approaches, such as neural networks, which are discussed in 

section 2.10.3.1.2.4.  

The linear unmixing techniques can be categorised into supervised, where prior knowledge 

of the endmembers is achieved, for example, through the methods described in section 

2.10.3.1.1. or can be described as unsupervised, where the methods join both the endmember 
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image extraction and the inversion in a single step (Chang et al., 2004; Dobigeon et al., 

2009).  

Another aspect of linear unmixing algorithms is dimensionality reduction. Dimensionality 

reduction is an optional step in spectral unmixing, which extracts the most informative bands 

reducing the dimension of the hyperspectral data. This step is used by some algorithms to 

reduce the computational load of the unmixing method, as some hyperspectral data can 

contain extremely large volumes of data. Dimension reduction is carried out before 

endmember extraction and inversion. Dimension reduction methods include PCA, maximum 

noise fraction, and factor analysis (Keshava et al., 2000). The use of dimension reduction 

has the possibility to lead to the loss of necessary information. 

Linear unmixing has been identified as a suitable method in subjects such as land use 

classification (Xu et al., 2016; Wang et al., 2019) and vegetation classification (Lu, Moran 

and Batistella, 2003; Stagakis, Vanikiotis and Sykioti, 2016). However, as seen in figure 

2.10a, an assumption of linear mixing is that the ground objects are homogeneous surfaces 

in spatially segregated patterns. This assumption is highly unlikely to be met when unmixing 

intimate soil properties such as soil minerals as they are typically in close association with 

one another (Mulder et al., 2013), therefore it can be suggested that nonlinear unmixing is 

most suitable for the unmixing of soil minerals. It has been highlighted that if a LMM is used 

on nonlinear data it can result in error (Mustard, Li and He, 1998).  

2.10.3.1.3 Nonlinear unmixing models 

When one of the assumptions of linear mixtures does not hold, nonlinear effects may occur. 

These assumptions are that the mixing process occurs at a macroscopic scale and photons 

which reach the sensor only interact with one material. In nonlinear scenarios light typically 

interacts with more than one component and multiple scattering occurs, the mixing 

systematics between these different components are nonlinear (Keshava and Mustard, 2002). 

No single nonlinear unmixing approach has been identified as optimal and depending on the 

scenario some methods may be more suitable than others. This section will introduce several 

of the most popular physics-based nonlinear unmixing methods. 

Bilinear models consider second-order interactions between endmembers. Bilinear models 

account for the presence of multiple photon interaction by the introduction of additional 

interaction terms in the LMM (Altmann, Dobigeon and Tourneret, 2011). Several bilinear 

models have been suggested, these include fan model (FM), generalised bilinear model 

(GBM), and polynomial post-nonlinear model (PPNM). These models consist of a linear 
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mixing part corresponding to the LMM and the addition of an interaction term. The FM, 

GBM, and PPNM model differ due to the interaction terms.  

Bilinear models can be written as: 

Equation 2-3 Bilinear model. 

𝑥𝑗 = ∑ 𝑎𝑖𝑠𝑖,𝑗 +

𝑟

𝑖=1

∑ ∑ 𝛽𝑖,𝑘,𝑗(𝑎𝑖 ⊙ 𝑎𝑘)𝑠𝑖,𝑗𝑠𝑘,𝑗 + 𝜀𝑗

𝑟

𝑘=𝑡2

𝑡1

𝑖=1

 

The first part is the linear model as seen in equation 2.2. The second term models nonlinear 

interactions between the materials. ⊙ is the Hadamard (term by term) product operation 

where 𝑎𝑖 ⊙ 𝑎𝑘 = (𝑎𝑖,1𝑎𝑘,1,…,𝑎𝑖,𝑛𝑎𝑘,𝑛).  𝛽𝑖,𝑘,𝑗  adjusts the number of nonlinearities between the 

components 𝑎𝑖 and 𝑎𝑘. T is the second order scattering between 𝑎𝑖 and 𝑎𝑘.  𝑡1 , 𝑡2, and 𝛽𝑖,𝑘,𝑗 are 

altered to define different bilinear models. The definition of these parameters for each 

bilinear model can be found in Table 2.6. The constraints on the abundances include sum to 

one and non-negativity constraint.  

Table 2-6 Nonlinear parameters of bilinear models from (Yang and Wang, 2018). 

Models 𝒕𝟏 𝒕𝟐 𝜷𝒊,𝒌,𝒋 

FM 𝑟 − 1 𝑖 + 1 1 

GBM 𝑟 − 1 𝑖 + 1 0 ≤ 𝑦 𝑖,𝑘,𝑗 ≤ 1 

PPNM 𝑟 1 𝜉𝑗 ∈ ℝ 

 

The FM reasons that the probability that a light ray interacts with any two endmembers must 

be proportional to their abundances in the scene. It has been suggested that the FM can be 

too restrictive (Altmann, Dobigeon and Tourneret, 2011; Halimi et al., 2011a; Halimi et al., 

2011b) whereas the GBM and PPNM are more flexible as they can be transformed into the 

LMM or FM by choosing a suitable 𝛽𝑖,𝑘,𝑗 (Yang and Wang, 2018). 

The GBM is an extension of the FM by including additional free parameters 0 ≤ 𝑦 𝑖,𝑘,𝑗 ≤ 1 

in each bilinear interaction. These additional parameters allow for more flexibility and allow 

for better spectral reconstructions. As the numbers of endmembers increase, the amount of 

free parameters can become large and can cause numerical problems (Heylen and 

Scheunders, 2015). The GBM and FM only include between components interactions 

whereas the PPNM also includes within-component interactions (Yang and Wang, 2018). 
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The PNMM applies a polynomial function to the linearly mixed data to approximate the 

nonlinearity of photon interactions occurring in an image (Altmann et al., 2012). Where  

𝜉𝑗 ∈ ℝ amounts to the amplitude of nonlinearity in each pixel. The PPNM allows self-

interaction terms which have been suggested to form an important contribution in the total 

spectral signal (Chen and Vierling, 2006; Raksuntorn and Du, 2010). Altmann et al. (2012) 

utilised the PNMM on the AVIRIS cuprite mining site data in Nevada, to unmix the minerals 

muscovite, alunite, and kaolinite. An advantage of this model is the deviations from the 

LMM, characterised using a single parameter, which can be utilised to quantify the levels of 

nonlinearity (Dobigeon et al., 2016). The shortcomings of the bilinear models are that they 

do not consider endmember interactions involving more than two endmembers and therefore 

may not be appropriate to model the intimate mixture of soils. 

Intimate mixtures such as soil properties may not be appropriately modelled by the bilinear 

models as more complex interactions are likely to occur. In intimate mixtures, light will 

typically interact multiple times with particles before reaching the sensor. The multilinear 

mixing model (MLM) by Heylen et al. (2015) was introduced to model more complex 

interactions between endmembers. The MLM is an extension of the bilinear model PPNM 

with an addition of a single parameter to include all degrees of multiple scattering. The MLM 

assumes that a light ray has a probability P of undergoing further interactions. The MLM 

uses a ray-based approximation of light to trace the path of a single light ray before it reaches 

the observer, this is modelled as a discrete Markov chain which is subjected to the following 

rules displayed in Table 2.7 (Heylen and Scheunders, 2015).  

Table 2-7 The assumptions of the MLM model (Heylen and Scheunders, 2015). 

Assumption Description 

1 The incoming light ray will interact with at least one material. 

2 After each interaction with a material the ray will have a probability P of 

undergoing further interactions and a probability (1-P) of escaping the 

scene and reaching the sensor. 

3 The probability of interacting with material 𝑖 is proportional to its 

abundance 𝑠𝑖. 

4 When a light ray is scattered by material 𝑖, its intensity changes according 

to that material’s albedo. 
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The MLM can be expressed as:  

Equation 2-4 Multilinear mixing model. 

𝑥𝑗 = (1 − 𝑃𝑗) ∑ 𝛼𝑖,𝑆𝑖,𝑗

𝑟

𝑖=1

+ (1 − 𝑃𝑗)𝑃𝑗 ∑ ∑(𝑎𝑖 ⊙ 𝑎𝑘)𝑠𝑖,𝑗  𝑠𝑘,𝑗

𝑟

𝑘=1

𝑟

𝑖=1

 

+(1 − 𝑃𝑗)𝑃𝑗
2 ∑ ∑ ∑(𝑎𝑖 ⊙ 𝑎𝑘 ⊙ 𝑎𝑙)

𝑟

𝑙=1

𝑟

𝑘=1

𝑟

𝑖=1

𝑠𝑖,𝑗 𝑠𝑘,𝑗𝑠𝑙,𝑗 + ⋯ + εj 

= (1 − 𝑃𝑗)𝑦𝑗 + 𝑃𝑗𝑦𝑗 ⊙ 𝑥𝑗 + εj 

Where 𝑦𝑖 = ∑ 𝛼𝑖𝑠𝑖,𝑗
𝑟
𝑖=1  is the linear part of the model as seen in equation 2.2. 𝑃𝑗 is the 

probability of incoming light undergoing further interactions and (1 − 𝑃𝑗) is the probability 

of the incoming light reaching the sensor, in pixel 𝑥j. When 𝑃𝑗 = 0 the MLM becomes LMM, 

which suggests that incoming light will only interact with one material before reaching the 

sensor. When 𝑃𝑗 increases, the degree of nonlinearity increases. Since the creation of the 

MLM (Heylen and Scheunders, 2015) several studies have expanded on this original model 

(Wei et al., 2017; Yang and Wang, 2018; Li, Zhu and Guo, 2020). Siebels et al. (2020) study 

compared bilinear models, the MLM model, and radiative transfer (RT) models on the 

unmixing of mineral abundance. It was identified that the MLM performed better than the 

bilinear models, however Hapke’s RT model outperformed the bilinear models, and MLM 

model (Siebels, Goïta and Germain, 2020). The MLM can be easily inverted for unmixing 

(Heylen and Scheunders, 2015), however, MLM is not as advanced as some radiative 

transfer models, such as the Hapke model.  

The Hapke model (Hapke, 1981) describes the relationship between reflectance with single-

scattering albedo (SSA), viewing geometry, and multiple-scattering function. According to 

the Hapke model the SSA, the ratio of scattered light to total extinct light, of a mineral 

mixture is a linear mixture of the endmember SSA in proportion to its relative geometric 

cross-section (Hapke, 1981). This indicates that linear unmixing techniques can be used in 

the SSA space instead of the reflectance space. The Hapke model has been utilised in mainly 

planetary studies (Yan et al., 2010; Goudge et al., 2015; Lin and Zhang, 2017) with fewer 

terrestrial studies (Shepard, Arvidson and Guinness, 1993; Wu et al., 2020). The SSA 

depicted by 𝑤 can be derived from the wavelength dependent bidirectional reflectance, r, by 

the equation: 

Equation 2-5 The wavelength dependent bidirectional reflectance. 

𝑟 =
𝑤𝜇0

4𝜋(𝜇0 + 𝜇)
[(1 + 𝐵(𝑔))𝑝(𝑔) + 𝐻(𝑤, 𝜇0)𝐻(𝑤, 𝜇) − 1] 
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Where r is reflectance of the material. 𝜇0 is cos (𝜃𝑖) and 𝜇 is cos (𝜃𝑒), as demonstrated in 

figure 2.11.  (𝜃𝑖) is the angle of the incoming radiation and (𝜃𝑒) is the angle of the outgoing 

radiation. 𝑔 is the phase angle. 𝑝(𝑔) is the normalised phase function of the medium, 

describing the scattering dependence. 𝐵(𝑔) is the backscattering function accounting for the 

opposition effect. The opposition effect is an optical effect which occurs in particulate media 

when the phase angle is very small, this results in the sample appearing brighter. 𝑤 is the 

SSA of the mixture. 𝐻(𝑤, 𝜇) is the multi-scattering function. The assumptions for equation 

2.5 are that particles are randomly orientated, there is no diffraction, and the particles are 

much larger than the wavelength of light (Hapke, 1981; Hapke, 2012). The Hapke model 

has been modified since the original version (Hapke, 1981), other modifications include the 

addition of a macroscopic roughness parameter (Hapke, 1993), soil moisture parameter 

(Zhang et al., 2020), and the porosity of the medium (Hapke, 2008). 

Figure 2.11 shows the angles used in the bidirectional reflectance distribution function 

(BRDF), equation 2.5. 

 

Figure 2-11 Angles used in the bidirectional reflectance distribution function (BRDF). The horizontal plane is the plane 

of the medium surface. The vertical axis is the normal to this plane. θi and θe are the angles of the incoming and 

outgoing radiation with this normal. g is the angle between the incoming and outgoing radiation (Heylen, Parente and 

Gader, 2014). 

The Hapke model can be inverted to calculate SSA, linear unmixing can be carried out on 

the SSA, which can then be used to predict mineral abundances (Yan et al., 2008; Lin and 

Zhang, 2017). The SSA displays linear behaviour as it only depends on the first material that 

is hit by an incoming ray, which is proportionate to its cross-sectional area in a mixture 

(Heylen, Parente and Gader, 2014). The inverse problem consists of determining the optimal 

values of unknown model parameters which minimizes the distance between observations 

and modelled values. Studies have utilised least squares (Yang et al., 2019; Wu et al., 2020) 
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and Bayesian (Schmidt and Fernando, 2015) methods to determine the optimal set of 

variables. It has been identified that when all parameters for the Hapke model are available 

it produces good estimations (Siebels, Goïta and Germain, 2020), for example less than 10% 

error of the estimation of common mineral abundances has been achieved (Mustard and 

Pieters, 1987; Mustard, Li and He, 1998). However, as the Hapke model contains numerous 

parameters, which are difficult to estimate accurately from remote spectral data, several 

assumptions and simplifications are required for the application to satellite sensors. It has 

been suggested that simplified Hapke models may not be appropriate for actual hyperspectral 

data due to potential inaccuracies. The limitation of the Hapke model is that it relies on 

external parameters related to acquisition which may not always be extractable and weak 

assumptions may lead to error in the SSA and therefore the unmixing. An additional 

limitation of the Hapke model is that the grain size has to be larger than the wavelength 

(Hapke, 1981). Therefore, it can be suggested that without strong assumptions and external 

parameters the Hapke model application is restricted (Siebels, Goïta and Germain, 2020). 

2.10.3.1.4 Deep learning unmixing 

In addition to the physics-based methods, data-based methods have been applied to both 

linear and nonlinear unmixing approaches. Data-driven methods do not require any 

underlying physical assumptions, instead they try and derive results from the data cloud itself 

through machine learning methods (Heylen, Parente and Gader, 2014). Several deep learning 

approaches assume prior knowledge of the endmembers and only learn the abundance 

fractions (Plaza et al., 2009; Plaza and Plaza, 2009; Licciardi and Del Frate, 2011; Xu, Shi 

and Pan, 2018). More recent approaches have incorporated both endmember extraction and 

abundance calculations by deep learning (Su et al., 2017; Su et al., 2019). The advantage of 

data-driven methods in comparison to the physics-based methods is that they do not require 

any underlying physical assumptions. However, supervised data-driven methods require 

training set of spectral reflectance’s with known endmembers and fractional abundances and 

can have high computational costs (Heylen, Parente and Gader, 2014).  

2.10.3.1.4.1  Spectral variability 

Spectral variation is the variation of a spectral signature for a given material. Spectral 

variation can occur for several reasons which include the geometry and topography of a 

scene. The topography of the scene can affect the illumination of a scene for example slopes 

facing away from the sun will appear darker than slopes facing towards the sun. Topography 

also impacts the geometry of the sun, target, and viewer, which varies the proportion of light 
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reflected towards the satellite. Several approaches have attempted to remove or reduce the 

influence of topography (Smith, Lin and Ranson, 1980; Teillet, Guindon and Goodenough, 

1982; Soenen, Peddle and Coburn, 2005). Atmospheric conditions can cause spectral 

variation, as levels of atmospheric gases, and aerosols can absorb and scatter radiation 

(Healey and Slater, 1999). Approaches have been developed to remove atmospheric effects 

from remote sensing data (Adler-Golden et al., 1998; Guo and Zeng, 2012). Some satellites, 

such as PRISMA, supply images which are already atmospherically corrected (Loizzo et al., 

2019). 

Intrinsic variability is purely material dependent and usually corresponds to variation of a 

hidden component. For example, in soil studies intrinsic variability can occur in a single 

mineral type due to different chemical compositions or grain size (Crowley, 1986; Clark, 

1999b). For example, smaller grainsize allows for stronger more uniform backscattered 

energy which results in shallower absorption features and higher reflectance values (Combe 

et al., 2008). Figure 2.12 shows endmembers from the USGS spectral library of the mineral 

muscovite mica. 

 

Figure 2-12 Six spectral signatures of the mineral muscovite from the USGS spectral library. 

Even though the spectral signatures are of the same mineral type, muscovite mica, the 

signatures show some variation which can be due to the mineral composition and grain size 

of the sample. Unlike atmospheric and topographic variation, intrinsic variation is more 

difficult to correct for as intrinsic variability is material dependent. Therefore, instead of 

correcting intrinsic variability, unmixing methods have been created to address spectral 
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variability. Accounting for endmember spectral variation, in unmixing analysis, can improve 

proportion estimation (García‐Haro, Sommer and Kemper, 2005; Imbiriba, Borsoi and 

Bermudez, 2018).  

The review by Zare and Ho (2013) evaluates two approaches of accounting for endmember 

variability, endmembers as sets and endmembers as statistical distributions. Endmembers as 

sets is a common approach to address spectral variability using large spectral libraries. The 

libraries, also known as bundles, contain different instances of each material, and the 

inversion looks to find which endmember from the library can best represent the pixel in the 

scene. Methods which utilise spectral bundles include, multiple endmember spectral mixture 

analysis (MESMA) (Roberts et al., 1998) and sparse unmixing (Iordache, Bioucas-Dias and 

Plaza, 2011; Tang et al., 2014). The advantage of using bundles is that it is simple and does 

not assume any particular distribution and additional terms describing variability are not 

required (Uezato, Fauvel and Dobigeon, 2019). For all methods which utilise spectral 

bundles, the overall negative is that the outcome of the unmixing is dependent on if there are 

appropriate endmembers in the spectral bundles. To increase accuracy some methods, prune 

the library to retain appropriate endmembers and exclude endmembers which are spectrally 

similar to the appropriate endmembers (Degerickx et al., 2017). 

An alternative approach, to the endmembers as bundles is to represent spectral variability as 

statistical distributions. Each endmember is modelled as statistical distribution and one 

sample of that distribution is viewed as a possible variant of the material’s spectral signature 

(Zou and Zare, 2017). The endmember spectra used for abundance estimation can be 

different between pixels. The advantage of the endmembers as statistical distributions 

approach is it can account for a range of spectral values which may not have been previously 

included from a discrete spectral library, yet accuracy is dependent on the selection of 

accurate distributions, this method may allow physically unrealistic endmembers to be 

included (Zare and Ho, 2013). 

2.11 GAPS IN KNOWLEDGE 

Several studies have sought to investigate the aetiology of podoconiosis. Certain 

mineralogical and element properties have been proposed in several different studies to be 

associated with the disease, such as silica, Al, Zr, and Be. However, there is no conclusive 

agreement in the literature. Detailed ground-sampled soil data has not been utilised in 

Cameroon in relation to podoconiosis disease data, these types of studies have only occurred 

in Ethiopia and Kenya. As there has been no conclusive agreement on the specific causative 
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soil agent it is important to carry out detailed ground-sampled studies across Cameroon as 

soil agents may influence podoconiosis differently in distinct geographic areas. Therefore, 

it is important to identify any distinctions or similarities in podoconiosis-associated soil 

variables across different regions. This will be addressed through spatial analysis of North 

West Cameroon ground-sampled soil data and podoconiosis data. 

From the literature the potential entry of soil particles into the foot includes entry through 

broken epidermis, intercellular routes, hair follicles, sweat ducts, or through intracellular 

routes. Soil particles have been identified in lymph nodes macrophages (Price, 1972b; Price 

and Pitwell, 1973; Price and Henderson, 1978) and evidence suggests that a T-cell response 

may be critical for the development of podoconiosis (Tekola Ayele et al., 2012; Yardy, 

Williams and Davey, 2018; Alcantara et al., 2020; Gebresilase et al., 2021). However, the 

molecular pathways which lead to inflammation are unknown. This thesis will investigate a 

potential pro-inflammatory pathway and potential soil and mineral stimuli which may 

activate this pathway.  

As identified, remote sensing has been utilised in podoconiosis studies to measure 

environmental, topographical, and climate variables, however no podoconiosis studies have 

utilised soil spectroscopy. The development of soil spectroscopy in podoconiosis studies to 

predict the abundance of podoconiosis-associated soil variables could result in the reduction 

of resource intensive ground-sampling soil data. Mineral abundances derived from remote 

sensing could then be implemented in models to map the risk of podoconiosis. This study 

will investigate the potential of predicting mineral variables, which have been identified as 

potentially associated with podoconiosis from the previous objectives, using remote sensing 

techniques. 
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3) CHAPTER 3: METHODS 

3.1 PREAMBLE  
This chapter introduces the study area in the North West region of Cameroon, commenting 

on its characteristic features including vegetation and climate. The chapter progresses to 

describe, in detail, the methodology employed in the collection of both the soil and 

podoconiosis disease data used in this study. Following this, the central spatial and statistical 

modelling techniques employed throughout the subsequent research chapters are discussed 

in detail. Finally, both the methods utilised in chapter 5 cell preparation and assays and the 

remote sensing methods utilised in chapter 6 are described. 

3.2 STUDY AREA 
Located in central Africa, Cameroon has a population of over 23 million (WHO, 2017) and 

is divided into 10 regions. The study took place in the North West region of Cameroon, with 

an estimated population of 1.8 million (Njozing, Edin and Hurtig, 2010). The study site falls 

between latitudes 5° 73’ - 7°15’ and between longitudes 9°59’- 11°17’. The Northwest 

region has 7 divisions: Bui, Donga-Mantung, Menchum, Mezam, Momo, Boyo, and Ngo-

Ketunjia. Figure 3.1 highlights the North West region of Cameroon.     

 

Figure 3-1 Map of Africa, with an inset map highlighting the North West region of Cameroon with the region’s 7 divisions. 
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3.2.1 Vegetation and climate 

The highland plateaus of the North West region has been classified into the ecological region 

of the savanna zone (Molua and Lambi, 2006), dominated by tree and bush savanna. Rainfall 

varies between 1700mm and 3000mm annually (Molua and Lambi, 2006). The area has a 

climate with two distinctive seasons, a long wet rainy season (mid-March to mid-November) 

and a short dry season (mid-November to mid-March) (Molua and Lambi, 2006).       

3.2.2 Geology and soils                                              

Cameroon is underlain by Precambrian rocks, Cretaceous sediments and Cenozoic 

sedimentary and volcanic formations (Schlüter, 2008). Large areas of the Precambrian rocks 

are undifferentiated gneisses and migmatites (Schlüter, 2008). Figure 3.2 shows the 

underlying geology of North West Cameroon. 

 

Figure 3-2 Geological map of the North West region of Cameroon displaying lithological units. 

The main rock type at the study site is undifferentiated calc-alkaline granite, with large 

quantities of anatexite and old basaltic andesite.   
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3.3 DATA SOURCES 

3.3.1 Soil sampling data 

The primary environmental dataset within the analysis presented in this thesis is ground-

sampled soil data. The ground-sampled soil data used in this thesis is secondary unpublished 

data. 152 sampling sites were spaced 4.5km apart in a gridded formation. Samples were 

taken in the centre of each grid square. At each soil sampling site GPS coordinates (WGS 

84, decimal degrees), elevation (m), vegetation type, and fertiliser/insecticide usage were 

recorded. Any vegetation or rocks were removed from the surface and a rock hammer was 

then used to mix soil to a depth of 10cm. Any large roots, rocks, or stones greater than 0.5cm 

in diameter were removed and a trowel was used to collect one scoop (approximately 300g) 

of soil which was stored in a sample bag. 

This process was then repeated two more times at each sampling site, at 10 paces due west 

and 10 paces due east from the original sampling point. At each sampling location the 

completed samples were all mixed into the same sample bag. 

In addition to this standard sampling approach, 10 random grid squares featured 5 extra 

sampling sites. This was performed to capture the soil variability at a greater resolution; the 

format of this collection is shown in Figure 3.3. 

 

Figure 3-3 Sampling technique used for grids with 5 extra soil samples (a-e), distances showed in m. Not to scale. 

The centre blue point represents the original soil sample and a-e represent the additional 5 

sampling points. 
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However, some samples were not collected or were deemed missing, for example due to 

inaccessibility of sample locality, resulting in 194 soil samples collected out of the planned 

202 samples displayed in Figure 3.4. 

 

 

Figure 3-4 Map highlighting the spatial contiguity and location of the soil sample locations in the North West Region of 

Cameroon.  Red triangles represent the locations of the soil samples.                                                                                                                                                                    

Analysis of chemical element constituents of the 194 soil samples was performed using 

Inductively Coupled Plasma Mass Spectrometry (ICP-MS). The ICP-MS methodology 

utilised in this analysis is explained in detail by Joy et al. (2015). For the ICP-MS, soil 

samples were airdried, crushed, and sieved to 2mm. Soil samples were then further ground 

to <40 µm in an agate ball mill. Total element content was obtained for 0.25g subsamples of 

soil digested using a mixture of hydrofluoric, perchloric and nitric acids (HF:2.5 ml/HNO3:2 

ml/HClO4:1 ml/H2O2:2.5 ml). The ICP instrument, ICP-MS Agilent 7500xc ionises the 

sample, then the mass spectrometer separates and quantifies those ions. Reference materials, 

BGS102 were utilised as controls to quality check the analysis. The limit of detection (LOD) 

for the elements calculated from the ICP-MS analysis are listed in Appendix A.  
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X-Ray diffraction (XRD) was employed to derive the mineralogical content of the soil 

samples. XRD analysis methodology is explained in detail in Kemp et al. (2016a) and Kemp 

et al. (2016b). For the XRD analysis, a representative ∼4 g portion of each sample was 

removed and crushed in a pestle and mortar to pass a 2 mm sieve. The <2 mm material was 

then dispersed in deionized water using a reciprocal shaker combined with treatment with 

ultrasound. The resulting suspensions were then sieved on a 63 µm aperture sieve and the 

>63 µm (‘sand’) material was dried at 55°C and bagged. The <63 µm material was placed 

in a 250 mL measuring cylinder with a few drops of 0.1 M sodium hexametaphosphate 

(‘Calgon’) solution to disperse the individual clay particles and prevent flocculation. After 

standing for a period determined by Stokes’ Law, a nominal <4 µm fraction was removed in 

a single extraction. The <4 µm (‘clay’) material and remaining 4–63 µm (‘silt’) material 

were then dried at 55°C and stored in glass vials. So that similar amounts of material were 

mounted and exposed to the X-ray beam, ∼100 mg of the <4 µm material was re-suspended 

in a minimum of deionized water and pipetted onto a ceramic tile in a vacuum apparatus to 

produce an oriented mount. In order to remove the effects of the ‘Calgon’ addition, homionic 

Ca-saturated mounts were produced by adding 2 mL of 0.1 M CaCl2.6H2O solution, 

washing twice to remove excess reagent before drying at room temperature. XRD analysis 

was carried out using a PANalytical X’Pert Pro series diffractometer equipped with a cobalt 

target tube, X’Celerator detector, and operated at 45 kV and 40 mA. Modelling of the profiles 

were carried out using Newmod-for-Windows™ (Reynolds, 1996) software on all the 

samples. By modelling the individual clay mineral species in this way, ‘mineral reference 

intensities’ were established and used for quantitative standardization following the method 

outlined by Moore & Reynolds (1989). The LOD of XRD was <0.5%, these values were 

substituted with a value equivalent to half of the LOD, 0.25%. A sub-sample of 100 of the 

194 soil samples were tested using XRD. XRD and ICP-MS analysis were completed by the 

British Geological Survey (BGS). 

In addition, pH and loss of ignition (LOI) were measured for the 194 soil samples. The LOI 

determined the organic matter content of the samples, the aliquot for the LOI was dried over 

night at 105 °C the sample was heated to 450°C for 1 g of soil, for a minimum of 4 hours. 

The soil pH was measured in water using the 0.01M CaCl2 Slurry method. 25ml of 0.01M 

CaCl2 was added to 10.0g of sample, pH is measured using a solid body combination pH 

electrode attached to a bench pH meter. Using the BGS Analytical Geochemistry Laboratory 

method (AGN 2.5.1) the method was validated between pH 3 & 10. The soil variables 

measured using XRD and ICP-MS can be found in appendix A.  
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3.3.2 Podoconiosis data 

The disease data was collected as part of a previous study in which the collection strategy is 

reported (Wanji et al., 2016). The study was made up of individuals above the age of 18 and 

those who had lived in the area for at least 10 years. The census was carried out by 

community health implementers (CHIs), who visited all households in the selected 

communities, registering all individuals in each household and screening for podoconiosis. 

The CHIs underwent training on the disease, its causes, clinical manifestation, stages, 

treatment prevention, and socio-economic impacts. The difference between podoconiosis 

and lymphatic filariasis was also explained during the training. The accuracy of the CHIs 

was assessed by a research team, with experience in the clinical identification of 

podoconiosis, they revisited cases in 6 out of the 19 health districts. Not all the health areas 

and communities in the 6 health districts were revisited. Research team members re-

examined the cases considered positive by CHIs. An adjustment factor from each revisited 

health area was calculated, defined as the ratio of total number of confirmed cases by the 

total number of expected cases (expected cases being the results from the initial visit) 

multiplied by 100. The mean adjustment factor across the revisited health districts was 

48.5%. The adjustment factor was applied to the data collected across all 19 health districts 

to account for the recognised inaccuracies of the initial CHIs visits (Wanji et al., 2016). The 

prevalence data was adjusted by multiplying the raw prevalence (number of suspected cases/ 

total eligible population) by 0.485 (48.5%).  

The household data was aggregated at a community level creating 672 sample points, one 

data point per community, figure 3.5. The GPS coordinates assigned to each data point was 

the centroid of the community in which the data has been collected. The community level 

data included: GPS coordinates (WGS 84, decimal degrees), eligible population (individuals 

over the age of 18 and have lived in the area for more than 10 years), the corrected 

podoconiosis prevalence data (the proportion of the community with the disease), and a 

binary variable representing presence or absence of the disease, which will be referred to as 

the occurrence data.  
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Figure 3-5 Map of North West Cameroon, with the 19 health districts and podoconiosis community level sampling points 

in relation to the soil sample grid. Blue dots represent the podoconiosis community level samples with no podoconiosis 

cases and the red dots represent podoconiosis community levels samples with one or more cases of podoconiosis. 

3.4 DATA ANALYSIS  

This section explains the statistical analysis and geospatial analysis techniques used 

throughout the thesis. 

3.4.1 Exploratory Data Analysis (EDA) and Exploratory Spatial Data Analysis (ESDA) 

Exploratory data analysis (EDA) is an approach in data analysis, to maximise insight into 

the data, uncover underlying structure, and detect outliers (Tukey, 1977). Exploratory spatial 

data analysis (ESDA) is a subset of EDA, ESDA is a collection of techniques used to explore, 

visualise, and describe spatial data (Haining, 1993). EDA and ESDA have been highlighted 

as an important step in data analysis. In particular these techniques have been identified as 

important for preparing point observations of soil attributes for interpolation (Gunnink and 

Burrough, 2019).  

ArcMap was utilised to perform EDA and ESDA. The EDA and ESDA research framework 

were explored on all soil variables measured from the ICP-MS, XRD, and the podoconiosis 

disease data. 



 

 

60 

 

Histograms and normal QQ plots were created to visualise the data’s distribution and identify 

any potential outliers. 

Figure 3.6a and 3.6b shows two examples of histograms of the soil variable gallium (Ga) 

and pH. 

 

Histograms are important in EDA as seen in Figure 3.6b. Three outliers at the value 0 were 

removed before further analysis, this is justified as pH 0 is unlikely to occur in soil. 

Normal QQ plots were utilised to compare the data distribution to a normal distribution. An 

example of this is seen in Figure 3.7. 

 

Figure 3-7 Normal QQ plot of the soil variable gallium (Ga). 

Figure 3.7 shows the variable gallium (Ga) values against the standard normal values, a 

visual check for if the data follows a normal distribution. 

Figure 3-6 a) Histogram of the soil variable gallium (Ga). b) Histogram of the soil variable pH. 
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As a matter of course, Anderson-Darling normality tests were conducted for all soil 

parameters and prevalence data, to inform subsequent statistical analysis. 

EDA histograms are useful in identifying extreme statistical outliers. Spatial outliers can be 

defined as non-spatial attribute values which are significantly different from the values of 

their spatial neighbours. It has been proposed that geochemical datasets will always include 

outliers which can be defined as variables originating from a different process belonging to 

a different population (Grünfeld, 2005; Reimann and Garrett, 2005). The presence of outliers 

in the dataset can cause heavy tails in distribution or bimodality (Templ, Filzmoser and 

Reimann, 2008) and can be detrimental to spatial interpolation as a normal distribution is 

often required (Lark, 2000). However, outliers can contain important information about the 

study area and should not be ignored.  

Voronoi diagrams were utilised to examine the local variation in soil properties.  By utilising 

brushing and linking, outliers from the boxplots can be visualised spatially through the 

Voronoi maps. Voronoi maps classified by entropy values were utilised, entropy measures 

the dissimilarity between neighbouring cells. In the Voronoi diagram entropy is calculated 

from the cell and its neighbours, using the equation: 

Equation 3-1 Entropy. 

𝐸𝑛𝑡𝑟𝑜𝑝𝑦 =  −∑(𝑝𝑖 ∗ 𝐿𝑜𝑔 𝑝𝑖) 

Where 𝑝𝑖 is the proportion of polygons assigned to each class (𝑖). Classes are created from 

smart quantiles which are based on natural groupings of the data values. 

Minimum entropy occurs when all cells’ (the cell and its neighbours) values are located in 

the same class and maximum entropy occurs when all cells’ (the cell and its neighbours) 

values are located in different classes (Johnston et al., 2001). 

Figure 3.8a shows a boxplot of the variable thallium with two statistical outliers and Figure 

3.8b shows an entropy Voronoi diagram of thallium. 
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Figure 3-8 a) Boxplot for the variable thallium (Tl) with two statistical outliers. b) Entropy Voronoi diagram, the points 

represent the spatial location of the soil samples. Two statistical outliers from the boxplot highlighted. 

The two statistical outliers from the boxplot link to the corresponding hatched polygons on 

the Voronoi diagram. Both outliers have a relatively low entropy level suggesting that the 

neighbouring polygons have a similar class, further suggesting these samples are not spatial 

outliers. 

Not all statistical outliers were removed as their existence could be a phenomenon in the 

data. Outliers were only removed from soil variables if identified as being out of the variable 

range from literature searches and if those data points were spatially dispersed.   

3.4.2 Spatial Interpolation 

In chapter 4 of the thesis, interpolation was utilised to create a series of continuous surface 

models of the discrete, and sparsely available soil samples. This allowed the extraction of 

predicted soil constituents aligned with podoconiosis data. There are 3 main types of 

interpolation methods which are deterministic, geostatistical (stochastic), and a combination 

of both. Deterministic interpolation is based on parametric equations, for which error values 

cannot be derived, whereas geostatistical interpolation considers the spatial dependency 

between random variables. 

These methods all share the same general estimation equation, equation 3.2.  

Equation 3-2 General interpolation formula. 

�̂�(𝒙0) = ∑  𝜆𝑖 𝑍(𝒙𝑖)

𝑛

𝑖=1

 

Where �̂� is the estimated variable value at the location (𝐱0), Z is the observed value at the 

sampled point 𝐱𝑖, n represents the number of sample points used for estimation and λ𝑖 is the 

weight assigned to the sample point.  
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Described below in detail are the 4 interpolation methods investigated in this study, which 

have been identified in the literature as suitable for interpolating soil variables. Several 

interpolation methods were investigated as many studies suggest there is no consensus on 

the optimal method (Schloeder, Zimmerman and Jacobs, 2001; Robinson and Metternicht, 

2006; Karwariya et al., 2021). 

3.4.2.1 Deterministic  

3.4.2.1.1 IDW 

Inverse Distance Weighting (IDW) has been utilised in several studies in the prediction of 

soil variables (Mahmoudabadi et al., 2012; Almasi, Jalalian and Toomanian, 2014; Zissimos 

et al., 2019; Jiang et al., 2022). 

IDW assumes that each measured point has a local influence that diminishes with distance. 

IDW gives weight to each sample point, the closer the sample point is to the unknown point 

the greater the weight. The weight of the sample point on the unknown point is calculated 

based on the distance between the known and unknown points, by the following equation: 

Equation 3-3 Weight formula. 

𝜆𝑖 = (
𝐷0

𝐷𝑖
)𝑃 − 1 

Where λ𝑖 is the weight of the sample point 𝑖, 𝐷0 is the neighbourhood radius, 𝐷𝑖 is the 

distance between 𝑖 sample point and the unknown point and 𝑃 is the weighting power.  

The weighting power is a parameter which can be altered, this will affect the rate at which 

the weights decrease. If P=0 there is no decrease in the weight as distance increases and as 

P increases the weight for the distance points decreases. Figure 3.9 shows an example of 

how the power weighting will affect the rate at which the weights decrease. 
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The search neighbourhood can also be adjusted by determining the maximum and minimum 

number of data points considered or the search distance, for predicting the unknown data 

point value. An example of the search neighbourhood is shown in Figure 3.10. 

 

Figure 3-10 Example of the search neighbourhood adjusted to a maximum of 3 data points, screenshot from the 

geostatistical wizard in ArcMap 10.5.1. 

IDW outcome provides a root mean square error (RMSE) and mean error (ME) value. Unlike 

the other geostatistical methods, it does not provide an uncertainty measure of the predicted 

values.  

In a study by Robinson and Metternicht et al. (2006) IDW was recognised as the most 

suitable model for predicating subsoil pH levels, however many studies have subsequently 

identified other geostatistical methods as superior (Meng, Liu and Borders, 2013; Ford and 

Quiring, 2014; Bhunia, Shit and Maiti, 2018). IDW has been recognised for its ease of use 

Distance 

Relative 

weight 

Distance 

Figure 3-9 An illustration of how the power weighting impacts the rate at which weight decreases, 

based on diagram by (ESRI, 2018a). 
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(Zhang, 2006) compared to perhaps more complex models which require more input 

parameters. However, there is an implicit assumption that the data must have a uniform 

spatial distribution (Meng, Liu and Borders, 2013). 

3.4.2.2 Geostatistical  

Geostatistical analysis techniques create a surface from the statistical properties of measured 

points, quantifying the autocorrelation and accounting for spatial configuration of sample 

points around the estimation location (Matthews, 2002).                                                                                                                   

Geostatistical analysis is best performed on Gaussian (normal) distributions, when data does 

not have a normal distribution a transformation of the data can be applied. If the skewness 

of the variable was greater than 1, logarithmic transformation was considered; if between 

0.5 and 1, a square-root transformation was considered; and, if a negative skew either square 

or cube transformation can be utilised (Velleman and Hoaglin, 1981; Webster and Oliver, 

2001). The geostatistical analysis explored is known as kriging. The first step of kriging is 

to create a semivariogram to estimate spatial autocorrelation and fit a model based on this. 

Secondly it is to predict the unknown values based on the fitted model.  

3.4.2.2.1 Kriging  

Kriging refers to a family of models of generalised least-squares regression methods, which 

estimate values at un-sampled locations using a specific search neighbourhood of the 

observed samples (Isaaks and Srivastava, 1989; Goovaerts, 1997). Like IDW, kriging forms 

weights from surrounding measured values to predict values at unmeasured locations. 

However, IDW uses an algorithm based on distance whereas for kriging methods the weights 

are based not only on this but also on the overall spatial arrangement of the measured points. 

The spatial arrangement of measured points is calculated through the use of semivariograms. 

3.4.2.3 The semivariogram  

The semivariogram is a tool for the spatial analysis of data and is utilised in kriging. The 

semivariogram provides description of the spatial structure of the data. A semivariogram is 

utilised to display the variability between data points as a function of distance and relies on 

the relative location of data points and not their absolute geographical location 

(Wackernagel, 2013).  

The semivariance, a measure of dissimilarity, can be estimated from equation 3.4. 
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Equation 3-4 Semivariance. 

𝛾(𝒉) =  
1

2𝑛
∑(𝑧(𝒙𝑖) − 𝑧(𝒙𝑖 + 𝒉))2

𝑛

𝑖=1

 

Where 𝑛 is the number of pairs of sample points separated by distance 𝐡. 

When nearby observations 𝑧(𝐱𝑖)and 𝑧(𝐱𝑖 + 𝐡) are similar the value of 𝛾(𝐡) will be small, 

whereas observations further apart typically dissimilar, resulting in a large semivariance, 

𝛾(𝐡). 

Semivariance and distance between points are plotted as a semivariogram, Figure 3.11. 

 

Figure 3-11 A generic semivariogram showing the sill, range, and nugget. 

The example semivariogram plot is showing that as distance between points increases so 

does the semivariance. Using the experimental variogram data a theoretical model can be 

fitted to the data. The key parameters which control the fit of the variogram model include 

the nugget, sill, and range. The range is known as the distance in which the model first 

flattens out. The sill is the value of semivariance at the distance of the range. The nugget is 

where the model intercepts the y-axis.  

The fitted model is used as an approximation of the spatial variation of the dataset, which is 

utilised to determine the interpolation kriging weights.  
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3.4.2.3.1 Ordinary Kriging 

Ordinary kriging (OK) assumes a constant but unknown mean over the search 

neighbourhood of each predicted point. Ordinary kriging uses an average of a subset of 

neighbouring points to produce a particular interpolation point. Local variance of the data 

within the search neighbourhood is used for estimation.  

OK has been utilised in several soil interpolation studies, interpolating soil varibles such as 

pH (Mueller et al., 2004; Robinson and Metternicht, 2006), soil organic carbon (Lydia 

Mumbi, 2017), soil salinity (Eldeiry and Garcia, 2012), and elemental content (Mueller et 

al., 2004).  

3.4.2.3.2 Universal kriging 

Universal Kriging (UK), which is also known as kriging with a trend, is often used on data 

with a significant spatial trend. Universal kriging is an extension of OK by incorporating a 

local trend within the neighbourhood search window. The overriding trend in the data can 

be modelled by a deterministic function such as a polynomial. The modelled trend is 

subtracted from the original measured points, to obtain the random errors. The 

autocorrelation is then modelled from the random errors. Once the model is fit to the random 

errors and before making a prediction, the trend is added back to the predictions to give 

meaningful results. 

UK has been utilised to interpolate soil variable such as soil texture (Meul and Van 

Meirvenne, 2003), pH, humus quality (Vašát et al., 2013), and agrochemical soil properties 

(Abdulmanov et al., 2021). 

3.4.2.3.3 Empirical Bayesian kriging  

Empirical Bayesian Kriging (EBK), automates the most difficult aspects of building a 

kriging model, EBK selects the most accurate parameters through sub-setting and 

simulations (ESRI, 2016). Other kriging methods use a single semivariogram to predict at 

unknown locations, whereas EBK accounts for the error introduced by estimating the 

underlying semivariogram, through repeated simulations (Krivoruchko, 2012). This has 

been suggested to offer an advantage over other kriging methods (Krivoruchko, 2011). 

Figure 3.12 explains the EBK process. 
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Figure 3-12 Empirical Bayesian Kriging steps (Krivoruchko, 2012). 

Steps 2 and 3 are repeated for 100 simulations. With each repetition the first semivariogram 

estimated in step 1 is used to simulate a new set of values at the input locations. This data is 

then used to estimate a new semivariogram model and its weight. Predictions and the 

prediction errors are produced at the unsampled locations using these weights. 

EBK has been utilised to predict soil variables such as soil organic carbon (Tsui et al., 2016; 

Farina et al., 2017; Bhunia, Shit and Maiti, 2018) and soil elements (Finzgar et al., 2014; 

Fabijańczyk, Zawadzki and Magiera, 2017). 

3.4.2.4 Cross validation 

The “leave one out” cross validation method consecutively removes a data point, 

interpolating the value from the remaining points and comparing the predicted value to the 

measured value (Mueller et al., 2004) and was utilised in the interpolation analysis. A 

suggested limitation of cross validation is processing time for extremely large datasets, as 

the run time of cross validation can significantly increase for large datasets (Cawley and 

Talbot, 2003). But, with contemporary processing power, this is a minor limitation of the 

method. As the sample size was limited, the “leave one out” cross validation method was 

applied in the chapter 4 analysis to assess the output surface. From the “leave one out” 

technique, a series of prediction error statistics are created to measure model performance 

and suitability, which are used to facilitate the selection of the best performing model.                                                       

Step 1: A semivariogram model is estimated from the 
data.

Step 2: Using the semivariogram, a new value is 
simulated at each of the input data locations.

Step 3: A new semivariogram model is estimated from 
the simulated data. Then a weight for this 
semivariogram is then calculated using Bayes' rule, to 
show how likely the observed data can be generated 
from the semivariogram.



 

 

69 

 

A review by Lepot et al. (2017) identifies 30 equations which have been used in previous 

studies to compare interpolation methods, from the literature there is no preferred 

comparison method. Moreover, Lepot et al. (2017) suggests this may be due to several non-

conformities between formulas and names, which make it difficult to create comparisons 

between studies. In the literature different studies utilise different combinations of the 

prediction error statistics. Most studies utilise several or all the prediction error statistics, 

nearly all include RMSE (Lin and Chen, 2004; Chaplot et al., 2006; Robinson and 

Metternicht, 2006; Zhang et al., 2015; Bhunia, Shit and Maiti, 2016).                                                                                                                                                                                              

In this study the best performing model for each soil property was selected based on the 

common prediction error statistics including mean error (ME), root mean square error 

(RMSE), average standard error (ASE), and root mean square standardised error (RMSSE) 

displayed in Table 3.1. 

Table 3-1 Prediction error statistics and their formulae utilised, and the selection criteria used to select the most suitable 

interpolation surfaces. N the number of values in the dataset, ẑ(x_i ) the predicted value, z(x_i ) the observed value and 

σ[2 is the kriging variance for location x_i.  

Prediction error 

statistic  

Equation  Selection criteria  

Equation 3-5 Mean error. 1

𝑁
∑ {𝑧(𝑥𝑖) − �̂�(𝑥𝑖)}𝑁

𝑖=𝑁   A mean error close to zero indicates improved 

performance. 

Equation 3-6 Root mean 

square error. √
1

𝑁
∑ {𝑧(𝑥𝑖) − ẑ(𝑥𝑖)}2  𝑁

𝑖=𝑁                                                                                                                                                                                                                                                                                                                                                  
Smaller RMSE values indicate better performance 

and denote how well the model predicts the 

measured values. 

Equation 3-7 Average 

standard error. √
1

𝑁
∑ 𝜎2𝑁

𝑖=1 (𝑥𝑖)                                                                                                                                                                                                                                                                        
An ASE value closest to the RMSE value, indicates 

an improved model performance. 

Equation 3-8 Root mean 

square standardised 

error. 

√
1

𝑁
∑ (

𝑀𝐸

𝜎2(𝑥𝑖)
)𝑁

𝑖=1                                                                                                                                                                                                                                                           
A RMSSE value closest to one indicates an increased 

model performance. 

 

N the number of values in the dataset, ẑ(𝑥𝑖) the predicted value, 𝑧(𝑥𝑖) the observed value 

and 𝜎2 is the kriging variance for location 𝑥𝑖.  

ME and RMSE are applicable to all interpolation techniques whereas ASE and RMSSE are 

only applicable for kriging as they require kriging variance.  

RMSE in many studies have been used as the only prediction error statistic, however, the 

RMSE can have issues when comparing models. For example, when comparing two models 

the first model root-mean-square-error may be smaller than the other model, therefore you 
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would predict the first model as ‘optimal’. However, the second model may have root-mean-

square-error closer to the average as estimated prediction standard error. The second model 

would therefore be identified as more valid, as having a RMSE closer to the estimated 

prediction standard error it can be proposed that the models prediction standard errors are 

appropriate (Johnston et al., 2001). Therefore, each prediction statistic will be compared, 

and models selected based on those which are valid, but also accurate. 

The ideal model will have mean error equal to 0, the smallest-root-mean-square error, the 

average standard error nearest the root mean square error, and the standardised root mean 

square error closest to 1. Not only can the prediction error statistics be used to compare 

different interpolation methods but also to choose the best semivariogram model, search 

radius, and other model parameters among candidate models of the same interpolation 

technique (Webster and Oliver, 2001).  

3.4.2.5 Interpolation workflow 

An interpolation workflow was followed for each interpolation surface, Figure 3.13. 

 

Figure 3-13 Geostatistical workflow model based on (ESRI, 2018b). 
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For each soil variable and each interpolation method the geostatistical workflow model is 

utilised. Stage 1, histograms and trend analysis were investigated to understand the 

distribution and trends, of the variables. Stage 2, only for kriging, if histograms reveal a 

distribution far from normal, transformations should be applied to improve normality and if 

trends identified they should be removed. Stage 3, only for kriging analysis semivariogram 

models were fitted. Stage 4, search radius and minimum/maximum neighbours were selected 

based on optimum prediction error statistics. Stage 5, interpolation carried out. Stage 6 and 

7, cross-validation statistics were reviewed to determine how well the model fits. Stage 8, 

stages 3-7 were repeated until the most suitable surface is selected.  

3.4.3 Univariate analysis  

Univariate analysis was carried out using the statistical programme Minitab Version 18. 

3.4.3.1 One sample t-test 

The one sample t-test was utilised in chapter 5 of the thesis to determine if immune reaction 

of the control macrophage cells was significantly different to those macrophage cells which 

were introduced to stimuli.  

The one sample t-test statistic is calculated using the following equations: 

Equation 3-9 T-value formula. 

𝑡 =
�̅� − 𝜇

𝑠/√𝑛
 

Where 𝜇 is the proposed constant for population mean, �̅� is sample mean, 𝑛 is sample size, 

and 𝑠 is sample standard deviation. 

3.4.4 Bivariate analysis  

The bivariate analysis was carried out in the statistical programme Minitab version 18. 

3.4.4.1 Spearman’s rho 

Spearman’s rho is a non-parametric test used to measure the strength of association between 

two variables. In chapter 4 Spearman’s rho was carried out between the spatial join data and 

the soil variables extracted from the 1, 3, and 5km buffers, to assess the association with 

podoconiosis prevalence at a 95% confidence level. The Spearman’s rho coefficient is 

calculated through the following equation. 

Equation 3-10 Spearman’s rho coefficient. 

𝑟𝑠 = 1 −  
6𝛴𝑑𝑖

2

𝑛(𝑛2 − 1)
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Where 𝑑 is the difference between the ranks and 𝑑² is the difference squared. 𝑛 is the number 

of samples. 

The 𝑟𝑠 can be between +1 to -1. An 𝑟𝑠 of zero indicates that there are no association between 

ranks, an 𝑟𝑠 of +1 indicates a perfect association of ranks and an 𝑟𝑠 of -1 indicates a perfect 

negative association of ranks. 

3.4.4.2 Binary logistic regression  

Binary logistic regression analysis was carried out in chapter 4, between the soil data and 

podoconiosis occurrence data. Logistic regression models the likelihood of an outcome. For 

this study, it models the likelihood that podoconiosis is present in a community depending 

on the soil variables. For a mathematical explanation of binary logistic regression see Harrell 

(2015). 

The logistic regression equation is: 

Equation 3-11 Logistic regression equation. 

𝑃 =
1

1 + 𝑒−(𝑎+𝑏𝑋)
 

Where P is the probability of 1 (an event occurring), 𝑒 is the base of the natural logarithm, 

and 𝑎 and 𝑏 are the parameters in the model. The result is a sigmoid function. 

The exponential of the coefficient produces an odds ratio. The odds ratio can be defined as 

the odds that an outcome will occur given the exposure to the independent variable. The 

odds ratio can be defined as: 

Equation 3-12 Odds ratio definition. 

𝑃

1 − 𝑃
= 𝑒𝑎+𝑏𝑋 

 An odds ratio of 1 suggests that the soil variable does not affect the likelihood of 

podoconiosis occurrence (Szumilas, 2010).  It will give you a 0% increase in the odds for 

that particular value of the independent variable. This is coincident with a probability of 0.5. 

An odds ratio greater than 1 suggests, an increase in the soil variable will increase the 

likelihood that an area will have at least one case of podoconiosis (Szumilas, 2010). This is 

coincident with the probability increasing above the 0.5 level. An odds ratio less than 1 

suggests, an increase in the soil variable will decrease the likelihood that an area will have 

at least one case of podoconiosis (Szumilas, 2010). 
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3.4.5 Type I and Type II errors 

A consideration for any scientist when carrying out hypothesis testing is the potential effect 

of type I and type II errors.  

Type I error, also known as α occur when the null hypothesis is true but is rejected.  

Type II error, also known as β occur when the null hypothesis is false but fails to be rejected.  

Table 3.2 identifies the types of errors which can occur in hypothesis testing. 

Table 3-2 The different errors which can oocur in hypothesis-based testing. 

 
Null hypothesis is 

TRUE FALSE 

Decision about null 

hypothesis 

Fail to 

reject 

Correct inference 

(True Negative) 

Type II error (False 

Negative) 

 

Rejec

t 

Type I error 

(False Positive) 

Correct inference 

(True Positive) 

 

Type I and type II errors can never be avoided entirely, Rothman (2010) states ‘Scientists 

who wish to avoid type I and type II errors at all costs have chosen the wrong profession’.  

The chances of making a type I and type II error can be calculated. The probability of making 

a type I error is otherwise known as the level of statistical significance. For the analysis in 

this study the level of statistical significance is 0.05, meaning there is a 5% chance of 

incorrectly rejecting the null hypothesis.  

The probability of making a type II error, β, the quantity (1-β) is known as power. Power is 

the probability of rejecting the null hypothesis when it is false. Power ranges from 0-1, the 

greater the power the lower the probability of making a type II error. Power can be measured 

utilising the following parameters: 

• The effect size (e.g. correlation coefficient) 

• The sample size (N) 

• The alpha significance criteria (α) 

A power of 80% and the level of significance of 0.05 are commonly used levels of 

controlling type I and type II errors in hypothesis testing (Bjelakovic et al., 2012; Hong and 

Park, 2012; Akobeng, 2016). This means that there is a 5 % probability of incorrectly 

rejecting the null hypothesis and there is a 20% probability of incorrectly failing to reject the 

null hypothesis. 
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However, it has been identified that when carrying out multiple testing this 5 % probability 

of a type I error will inflate. For example, if 10 independent tests have been carried out with 

a significance level of 0.05, there is a 40% chance of observing at least one false positive 

result. In this study multiple testing is performed and the inflation of type I errors is 

considered. 

Several correction methods in the literature have been identified to reduce the inflation of 

type I error involved in multiple testing (Shaffer, 1995). Correction methods refer to 

adjusting the p-value obtained from a statistical test which was repeated multiple times. 

However, the correction of type I error will result in the consequential increase in type II 

error. 

There is no conclusive agreement on how multiple testing should be corrected for, or if it 

should be at all. Armstrong (2014) identified papers with multiple testing, and documented 

that some authors ignored the problem of multiple testing and others used the correction 

methods with no discussion or rationale. 

Streiner and Norman (2011) suggest the decision to correct from multiple testing depends 

on the circumstances of the study. Streiner and Norman (2011) advise no corrections when 

a study is ‘treading in unknown waters’. For example when the objective of the study is to 

identify promising leads and not to conclusively say A is causing B. Rothman (1990) states 

that the decision not to correct type I errors may arise, as correcting for type I errors causes 

an inflation of type II errors and may prematurely stop potential areas of research. 

In the research focus area of this thesis, there has been no conclusive soil variable which has 

been indefinitely identified as associated with podoconiosis. In this regard, the aim of the 

first analysis chapter is to identify any potential variables which may be associated with 

podoconiosis, which can then be selected for further testing in future studies. Thus, the study 

will not conclude that statistically significant variables are the cause of podoconiosis. 

Therefore, it can be suggested that in this individual case the application of multiple testing 

corrections will hinder the outcome of this study, as it will increase the probability of type 

II error and therefore may close off potential areas of research. 

3.4.6 Multivariate analysis  

3.4.6.1 PCA 

PCA is an ordination method first described by Pearson (1901). PCA was used in chapter 4 

and chapter 5. PCA was utilised to reduce the dimensionality of the soil elemental and 
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mineralogical data while retaining the variation present in the original dataset. This was 

completed by a linear transformation of the original data to create a set of new orthogonal 

variables called principal components (Kent and Coker, 1992).  

PCA was completed in the programme R and, in chapter 4, it is carried out three times one 

for each buffer distance, using the soil variables identified from the bivariate analysis as 

either positively correlated or with an odds ratio greater than 1 with a statistically significant 

p-value. In chapter 5, the PCA was carried out using soil elemental data from 8 soils samples 

which are used as stimulants in the macrophage cell assays. 

Figure 3.14 shows a flow diagram describing the basic steps of the PCA. 

 

Figure 3-14 Flow diagram of the basic steps of PCA. 

For a detailed description of PCA calculation see Waite (2000). The outputs for PCA include 

component scores, eigenvalues, and eigenvectors. The eigenvalues explain how much 

variance of the original data the principal component represents. Eigenvectors are the 

weights for each variable to create the components scores. Eigenvectors and values exist in 

pairs, for every eigenvector there is a corresponding eigenvalue. The eigenvalues represent 

the relative contribution of each component in explaining the total variation of the data. PC1 

always has the highest eigenvalue as it represents the greatest variation of the dataset. The 

eigenvectors indicate the weighting each (soil) variable has on each component. 

Eigenvectors, are characteristic vectors of the dataset also known as Principal Components, 

and can be used to explain the variance in each featured variable using a range from -1 to 1. 
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Using the eigenvectors those variables with explained variance furthest away from 0 have 

the greatest weighting for that particular component. Just as each data point had a value for 

each soil variable, the new components have a score for each data point, known as 

component scores (Kent and Coker, 1992). The component scores are the sum of the 

explained variance for the eigenvectors multiplied by each soil variable of the same data 

point. In this study PCA was utilised for visualisation of the data. Component scores are 

plotted on a score plot, those points which are close together correspond to sites that are 

similar in soil composition. Data points which are further away correspond to sites which 

are dissimilar in soil composition. Loading plots were also produced to visualise the 

explained variance in the eigenvectors for each variable showing PC1 versus PC2. In chapter 

4, for each score plot the symbols for the plotted component scores were changed to represent 

the podoconiosis occurrence data ‘Absence’; representing a community with no recorded 

cases of podoconiosis, and ‘Presence’; representing a community with at least one recorded 

podoconiosis case. Confidence ellipses were also plotted on the biplot representing 95% 

confidence for each group. Therefore, visual comparisons were possible between the 

occurrence grouping (presence/absence) and the soil composition of each data point. 

3.5 CELL ASSAYS METHODS 

Section 3.5 explains the cell culture analysis methods which were utilised in Chapter 5. The 

cell culture analysis methods are obtained from the manufacturer’s instructions. 

3.5.1 Cell assay preparation 

3.5.1.1 THP-1 cells 

The human monocytic cell line, THP-1, was used in chapter 5. These cells can be 

differentiated into macrophage-like cells with phagocytic activity and have been identified 

as a suitable in vitro cell model to study modulation of macrophage responses (Chanput, Mes 

and Wichers, 2014). THP-1 Blue™ NF-κB cells (from InvivoGen) are derived from the 

human THP-1 monocyte cell line by stable integration of an NF-κB-inducible Secreted 

embryonic alkaline phosphatase (SEAP) reporter construct. These THP-1 Blue™ cells are 

therefore specifically designed for monitoring the NF-κB activation pathway by determining 

the activity of the SEAP reporter, which is secreted into the cell culture supernatant. 

3.5.1.2 Cell culture preparation  

THP-1 cell stocks are kept at -80oC in fetal bovine serum (FBS) containing 10% dimethyl 

sulfoxide (DMSO). The cells were defrosted from stocks by a short incubation in a 37°C 
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water bath and gently transferred into 15mL of warm culture medium (RPMI 1640 + 10% 

FBS + 2mM L-Glutamine). They were then centrifuged at 3000 rpm for 5 minutes, the 

supernatant was discarded, and the cell pellet was resuspended and transferred into a cell 

culture flask containing 15mL of fresh culture medium. The culture flask was then placed in 

an incubator at 37°C with 5% CO2.   

3.5.1.3 Cell culture maintenance  

To propagate the cells and maintain a cell concentration of around 1 * 106 cells/mL, fresh 

RPMI media was added to the cells periodically. Maintaining cells at an optimal density, at 

log phase growth, maximizes the number of healthy cells for most experimental purposes. 

Removal of spent medium and transfer of cells into fresh culture medium is referred to as 

subculturing or passaging the cells. Once the cells were growing, and at least 1 passage had 

occurred, zeocin was added to the cells. Zeocin is a selection antibiotic for mammalian cells, 

utilised to ensure that only cells carrying a resistance gene can grow, in this case the THP-1 

Blue™ NF-κB cells. Zeocin was then added after each passage. THP-1 Blue™ cells were 

utilised at less than 20 passages to avoid the onset of cell senescence. 

3.5.1.4 Cell counting 

A Neubauer haemocytometer is used to count the number of cells and determine cell 

concentration. For these assays, 30mL of grown cell culture was pipetted into a falcon tube 

and centrifuged at 1300 rpm for 2 minutes. The resulting supernatant was removed, and the 

cell pellet was re-suspended in 5mL of RPMI. 50μL of phosphate-buffered saline (PBS), 

25μL of 0.4 % trypan blue cell staining solution and 25μL of the cell culture were added to 

an Eppendorf tube and mixed (1 in 4 dilution). About 15μL of this solution was pipetted 

under the cover slip of the haemocytometer. The cells were counted in four quadrants using 

a light microscope and an average calculated. To calculate average cells per ml the following 

formula was used: 

Equation 3-13 Average cell per ml. 

𝑛𝑢𝑚𝑏𝑒𝑟 𝑜𝑓𝑐𝑒𝑙𝑙𝑠 𝑝𝑒𝑟 𝑚𝑙 𝑜𝑓 𝑠𝑢𝑠𝑝𝑒𝑛𝑠𝑖𝑜𝑛 = 𝐴𝑣𝑒𝑟𝑎𝑔𝑒 𝑛𝑢𝑚𝑏𝑒𝑟 𝑜𝑓 𝑐𝑒𝑙𝑙𝑠 𝑝𝑒𝑟 𝑠𝑞𝑢𝑎𝑟𝑒 ∗ 10,000 

This number was then multiplied by 4 in view of the dilution factor used for cell staining. 

3.5.1.5 THP-1 differentiation 

To differentiate THP-1 cells into macrophages, 1x106 cells/mL were plated into each well 

of a 96-well plate. For this purpose, a 1 × 106 cells/mL suspension was prepared using the 

following equation: 
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Equation 3-14 Dilution formula. 

𝐶1 ∗ 𝑉1 = 𝐶2 ∗ 𝑉2 

C1 = the concentration of cells measured, V1= the initial volume of solution C2 = the 

concentration of cells required, V2 = the final volume of solution. 

THP-1 cells were differentiated into macrophage-like cells by adding phorbol 12-myristate 

13-acetate (PMA) at the final concentration of 20nM (Takashiba et al., 1999). The cells were 

then incubated for 24h at 37 °C. After 24h, the media with PMA was removed using a 

multichannel micropipette and the cells were washed twice with 50μL of warm PBS to 

remove the PMA and any unadhered cells and debris. Finally, 100μL of fresh culture 

medium was added to each well. The 96 well plate was then incubated for a further 48h at 

37°C and 5% CO2. 

3.5.1.6 Preparation of soil and mineral stimulants 

Soil and mineral samples were hand ground using a pestle and mortar and sieved at <2mm. 

The samples were then heated for 24h at 110°C. Prolonged high heat treatment was used for 

the inactivation of bacterial endotoxin that could be present in the samples and affect cell 

responses. 

Around 0.02g of sample was measured, and actual weight noted, cell culture medium was 

added to each sample to create a concentration of 2mg/mL. Sample dilutions were then 

aliquoted and frozen to be utilised throughout the experiments. 

For the stimulation experiments, soil and mineral samples were then diluted to a 

concentration of 0.5mg/mL, which was identified as an effective concentration in previous 

laboratory work (D Alcantara 2019, personal communication). However, if samples at this 

concentration showed cell viability to be low in comparison with the controls, the experiment 

was repeated at lower concentration e.g., 0.4, 0.3, 0.2 and 0.1mg/mL until cell viability was 

at a comparable level to carry out the other assays.  

3.5.1.7 Addition of soil and mineral stimulants to the cells 

After removing the culture medium from the differentiated THP-1 cells, soil and mineral 

samples were then added at the required concentrations, in 200μL of fresh culture medium. 

Each stimulation condition was performed in triplicate. 

A neutral control of 200μL of medium and a positive control of 200μL of medium with 

PAM3CSK4  (PAM3) at a concentration of 100mg/mL was added to three wells each. PAM3 
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is a synthetic lipopeptide that mimics bacterial lipopolysaccharide which has been identified 

as a potent activator of the transcription factor NF-κB. 

The 96 well plate was then incubated for 20h at 37°C at 5 % CO2. 

3.5.2 Cell viability assay 

The number of viable cells was determined using the CellTiter-Glo® 2.0 Cell Viability 

Assay (Promega), which quantifies adenosine triphosphate (ATP), an indicator of 

metabolically active cells. The assay was performed according to manufacturer’s 

instructions. Briefly, 25μL of CellTiter-Glo® reagent was added to 25μL of media in each 

well containing the cells. Plates were then mixed on an orbital shaker for 2 minutes and then 

incubated in the dark at room temperature for 40 minutes. 20μL from each well were 

transferred to a well on a white 96-well plate. The fluorescence was recorded using a 

microplate reader using 560nm excitation / 590nm emission filter and results were recorded. 

3.5.3 NF-κB assay 

To measure the activation of NF-κB, QUANTI-BLUE™ (by InvivoGen) was utilised. 

QUANTI-BLUE™ solution can be utilised to measure the activation of NF-κB by 

quantifying SEAP, which is expressed in the THP-1 Blue™ cells following NF-κB 

activation (Karki and Igwe, 2013).  

QUANTI-BLUE™ Solution was added to the cells based on manufacturer’s 

recommendations. Briefly, the plate containing the cells was centrifuged at 600 rpm for 1 

minute; using the multichannel pipette 20μL of supernatant from each well was transferred 

to a clean well plate containing the 180 μL/well of QUANTI-BLUE™ Solution and mixed 

well; the plate was incubated in the dark at 37°C for 3.5h. The optical density at 630nm was 

measured using a microplate reader and results were recorded.   

3.5.4 Inflammasome assay  

Inflammasome activation was quantified using the Caspase-Glo® 1 Inflammasome Assay 

(Promega). This assay is a bioluminescent method which directly measures inflammasome 

activity. Caspase-1 is a biomarker of inflammasome activity. If caspase-1 is active it will 

cleave Z-WEHD substrate contained in the Caspase-Glo® 1 reagent, releasing luciferin, 

which reacts chemically with luciferase, resulting in light production. The amount of light 

produced positively correlates to caspase-1 activity. 

25μL of the supernatant from the cultured cells were pipetted into a white 96-well plate and 

25μL of Caspase-Glo® 1 reagent with MG-132 was added to each well. The addition of 
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MG-132 inhibits non-specific proteasome activity, allowing the sensitive detection of 

caspase-1 activity. The content of the plate was then mixed for 30 seconds using a plate 

shaker and then left to incubate in the dark at room temperature for 2h. The luminescence 

was measured using a microplate reader and results recorded.  

3.6 REMOTE SENSING METHODS  

Section 3.6 will describe the methods used in chapter 6. 

3.6.1 The linear mixing model (LMM) 

For the linear mixing model, the reflectance of each spectral band in an individual pixel is 

expressed as a linear combination of the spectral signatures of its component endmembers, 

which are weighted by the spatial abundances in each pixel. LMM assumes that each photon 

reaching the sensors reacts with only one material (Dobigeon et al., 2014). LMM is 

introduced in section 2.10.3.1.2.  

Figure 3.15 visualises the linear mixing model for two endmembers.  

 

 

 

Figure 3-15 Visualisation of the linear mixing model, where 𝑎𝑖 is the abundance of endmembers 𝑒𝑖. Diagram is  based on 

figure in (Bioucas-Dias et al., 2012). 

For any given pixel the fractional abundance 𝑎𝑖 represents the fractional cover of the 𝑖th 

endmember. The fractional abundances 𝑎𝑖  have the constraints applied that for each pixel 

the fractional abundances must sum to 1 and be non-negative. The LMM was utilised in 

chapter 6 for creating synthetic hyperspectral data, used to mix the mineral mixtures 
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signatures with vegetation endmembers. Freely available code by Heylen and scheunders 

(2015) supplied the LMM. In addition, linear unmixing was carried out in chapter 6, mixed 

synthetic spectra were used as endmembers in the absence of pure endmembers, to unmix 

mixed synthetic data. FCLS is utilised for the linear unmixing with freely available code by 

Heylen and scheunders (2015) for the linear unmixing model. 

3.6.2 Multilinear mixing model (MLM) 

MLM is a physics driven model which accounts for a high order nonlinear effects, introduced 

by Heylen and Scheunders (2015). The MLM is introduced in section 2.10.3.1.3. The MLM 

model can be identified as an extension to bilinear models which include all order of 

interactions. The MLM contains a single parameter used to describe the probability of 

undergoing further interactions. This allows all orders of interactions between endmembers 

to be accommodated for by only introducing a single parameter. This is different to the linear 

mixing model which assumes there are no interactions between endmembers and the 

incoming light only interacts with one endmember before reaching the sensor. The MLM 

was utilised in chapter 6 in the creation of synthetic data by mixing the mineral endmembers. 

Freely available code by Imbiriba et al. (2015) for synthetic data creation was modified to 

create the synthetic data using the MLM model from code by Heylen and scheunders (2015). 

More detail is provided in Chapter 6 to support the choices made. 

3.7 SUMMARY  

The methods presented in this chapter are the central methods used throughout the thesis and 

are further referred to, and described, in each relevant analysis chapter. 
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4) CHAPTER 4: GEOSPATIAL ANALYSIS OF GROUND-

SAMPLED SOIL DATA IN RELATION TO COMMUNITY 

LEVEL PODOCONIOSIS DATA IN NORTH WEST 

CAMEROON 

4.1 PREAMBLE 

This chapter presents the first analysis chapter, centring on investigating associations 

between soil variables and podoconiosis prevalence and occurrence data in North West 

Cameroon. Firstly, the chapter focuses on proximal analysis between ground sampled soil 

variables and podoconiosis prevalence and occurrence data. Secondly, the chapter explores 

interpolation of the ground sampled soil elemental and mineralogical parameters. Finally, 

the chapter utilises bivariate and multivariate analysis, to identify associations between the 

soil parameters and podoconiosis prevalence and occurrence data. Associations between the 

podoconiosis data and the soil variables are discussed in relation to the existing podoconiosis 

literature.  

4.2 INTRODUCTION 

As stated previously, podoconiosis is a geochemical disease, affecting individuals exposed 

to red clay soils derived from alkaline volcanic rock (Price, 1983). The exact causal agent is 

unknown and has been previously linked to elements such as Al (Price and Henderson, 

1978), Zr, Be (Frommel et al., 1993), silica (Molla et al., 2014) and minerals such as quartz 

(Molla et al., 2014). Understanding the exact causal agent of podoconiosis and therefore the 

geography of the disease has been suggested as crucial in elimination efforts (Deribe et al., 

2015c). 

Ayode et al. (2013) examined barriers related to the use of footwear in Ethiopia, one of the 

barriers identified was a low perception of the risk of podoconiosis due to a 

misunderstanding of the cause of this non-infectious disease. An enhanced understanding of 

the causal agent may help educate people further on the importance of footwear. Also, 

forming a better understanding of the geochemical agent of the disease will help with the 

formation of risk maps and therefore help predict areas to locate prevention programmes.  

The majority of studies investigating associations between environmental variables and 

podoconiosis data have taken place in Ethiopia (Deribe et al., 2013; Molla et al., 2014; 

Deribe et al., 2015a; Deribe et al., 2015b; Le Blond et al., 2017) and to a lesser extent, 
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Cameroon (Price and Henderson, 1981; Deribe et al., 2018a; Deribe et al., 2018b). A 

previous study of significance, focussed on podoconiosis prevalence in Cameroon, 

successfully employed a large-scale approach; mapping the environmental influence on 

prevalence using country-wide digital soil maps at 250 metres spatial resolution (Deribe et 

al., 2018b). These maps, and specifically the clay and silt fraction content contained therein, 

were used to provide inputs to ensemble models; to model podoconiosis prevalence. Results 

indicated that where silt fraction exceeded 25%, the probability of podoconiosis increased, 

conversely where clay fraction exceeded 40% in the top soil the probability of podoconiosis 

decreased (Deribe et al., 2018b). Another notable example of a large-scale study used 

samples from an online database representing bedrock from five regions of Africa known to 

be associated with podoconiosis. The study also employed a 6th region with the Hawaiian 

islands as a control (Cooper et al., 2019). In the study, weight percentage data for oxides 

within the samples from across the 6 studied regions were analysed using a combination of 

PCA, discriminant function analysis, and ANOVA, with results suggesting that a unique 

alkaline- and silicon-rich geochemistry underlies regions associated with podoconiosis 

(Cooper et al., 2019).  

Large-scale studies such as these have been useful in identifying broad soil and geochemical 

type associations with podoconiosis over large areas, however, they cannot discriminate 

small-scale variations at local levels. Smaller scale podoconiosis studies have previously 

investigated the associations between detailed ground-sampled soil data and community 

level podoconiosis data in northern Ethiopia (Molla et al., 2014) and in Kenya (Muli, 

Gachohi and Kagai, 2017). The Ethiopia study identified several statistically significant 

variables linked to prevalence including quartz, mica, and smectite content levels (Molla et 

al., 2014). In Kenya, the study identified through multivariate modelling, while adjusting for 

frequency of participants wearing shoes, that iron was significantly associated with 

podoconiosis (Muli, Gachohi and Kagai, 2017). Additionally, when the model was 

controlled for iron, aluminium concentrations became significant (Muli, Gachohi and Kagai, 

2017).   

Establishing consistent associations between environmental variables and podoconiosis has 

been problematic and performance throughout the literature has been variable, particularly 

when analysed at different spatial scales (Deribe et al., 2013; Molla et al., 2014; Deribe et 

al., 2015b; Le Blond et al., 2017; Muli, Gachohi and Kagai, 2017; Cooper et al., 2019). This 

novel study expands upon previous research in Cameroon, aiming to increase both the spatial 

resolution of the investigation and detail of soil analysis to relate community level 
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podoconiosis data, collected by CHIs, with mineralogical and elemental abundances, 

obtained via XRD and ICP-MS respectively. Environmental variables such as climate, and 

variables based on elevation data will not be investigated in this study, as the associations 

identified from large-scale studies are likely to be lost at the smaller scale, as these 

environmental variables do not vary as much over a smaller area. In addition, the 

podoconiosis data in this study and additional cases covering a large area of Cameroon have 

already been used to identify how climate and other environmental data can be used to 

predict the distribution of podoconiosis (Deribe et al., 2018b).  

4.2.1 Disease covariates 

Understanding the exact causal agent of a disease is ideal; for example, the discovery of the 

causal agent of the disease onchocerciasis, filarial worms transmitted by infected black flies, 

led to the Onchocerciasis Control Programme (OCP) (Etya'ale, 2001). One of the missions 

of the OCP was to spray insecticides over fast flowing rivers to control the vectors of the 

disease (Boatin, 2008), without knowing the exact causal agent this control would not have 

been achievable. However, measuring the exact causal agent is not always possible due to 

the lack of knowledge of a disease or lack of spatially available data, instead disease 

covariates are often relied upon. Disease covariates are variables which can be used to 

predict the likelihood of a disease occurring, though they may not be directly linked to 

causation of the disease, instead they act as proxies.                                                                                                  

Even in studies in which the causal agent of a disease is known, for example malaria, 

covariates such as temperature, precipitation, and elevation are often used to predict the 

Anopheles mosquito extent (Kleinschmidt et al., 2000; Guerra, Snow and Hay, 2006; 

Sharma et al., 2015). This approach is used because data on these covariates are often more 

readily available, more spatially complete, and easier to measure than the causal agent 

(Kraemer et al., 2016). 

The aim of this chapter is to identify soil variables which are significantly associated with 

the podoconiosis data, the associated soil variables could be suggested as causal agents of 

the disease or as disease covariates.  

4.3 STUDY AIM AND OBJECTIVES 

More specifically, the aim of this chapter is to spatially analyse the ground-sampled soil 

elemental and mineralogical data, to identify associations with contemporary podoconiosis 

data, using geo-statistical analysis. The first objective is to carry out proximal analysis, 
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joining the attribute table of the nearest soil data point to each disease data point attribute 

table. Bivariate and multivariate analysis will be carried out on this dataset to test for 

associations between podoconiosis data and soil element and mineralogical variables. The 

second objective is to produce interpolation surfaces of the soil elemental and mineralogical 

variables, using four interpolation models. The most appropriate surface will be selected 

based on prediction error statistics. The third objective is to use these interpolation surfaces, 

to extract soil variables using a buffered spatial selection method around village prevalence 

point data. The fourth and final objective is to analyse the extracted buffer data to test for 

statistically significant associations between the podoconiosis data and the elemental and 

mineralogical data, using bivariate and multivariate methods. The statistical analysis 

techniques in this chapter include the bivariate methods, Spearman’s rho analysis and binary 

logistic regression; and the multivariate analysis method, PCA.  

4.4 METHODS 

4.4.1 Data 

The ground-sampled soil data and podoconiosis data collection methods are described in 

chapter 3, section 3.3. Out of the 672 community disease samples 168 were selected and 

analysed in this chapter due to their spatial contiguity with the soil sampling data points.  

Since several soil variables have been identified in the literature to be associated with 

podoconiosis, but none are universally agreed to be associated, all the variables which were 

tested using ICP-MS and XRD were investigated. The ICP-MS measures the element content 

of the soil sample, 194 samples were tested using this analysis. The ICP-MS technique 

breaks down the soil using acids and the element content of the soil is measured in Mg kg-1. 

The XRD analysis measures the percentage of minerals in the soil sample, 100 samples out 

of the 194 were tested using this analysis due to costs constraints. Additionally, pH and loss 

on ignition (LOI) were measured for the 194 soil samples.                                                                                                                                                                  

As described in chapter 3, section 3.4.1, EDA and ESDA was carried out on both the 

podoconiosis and soil data. EDA is a set of methods concerned with generating hypothesis, 

summarising the data, detecting outliers and patterns; they are mainly descriptive and 

graphical techniques but can be used to assist in the decision on subsequent inferential 

analysis (Tukey, 1977; McGill, Tukey and Larsen, 1978; Cleveland and McGill, 1988). 

ESDA is an extension of EDA with the aim to describe and visualise spatial distributions, 

identify spatial outliers, detect spatial patterns, and trends in the data (Haining, 1993).  



 

 

86 

 

4.4.1.1 Multiple testing adjustment – Type 1 error inflation 

Multiple testing refers to testing more than one hypothesis at a time. Carrying out multiple 

tests has been identified to increase the likelihood of type I error, for example the likelihood 

of having a statistically significant outcome just by chance. Several solutions have been 

proposed for controlling type I error inflation (Holm, 1979; Hochberg and Tamhane, 1987; 

Hommel, 1988; Benjamini and Hochberg, 1995), however, there is no conclusive agreement 

on the most suitable correction method, if any, and how they should be applied (Streiner and 

Norman, 2011). Rothman (1990), argued that corrections should never be used, suggesting 

that it is better to tolerate findings which may later prove to be false than to discard a potential 

useful observation due to the increase in type II errors.    

The aim of this chapter was not to state that the statistically significant variables are the 

causal agent of podoconiosis, but instead to identify potential variables which will be further 

examined in subsequent analysis. Therefore, it could be contended that correction factors do 

not need to be applied.  

For more information on type I and type II errors see section 3.4.5. 

4.4.1.2  Proximal analysis  

Preliminary associations between soil variables and disease prevalence were investigated. 

Using ArcMap 10.5.1, spatial join tool, the attribute table from the soil point data closest to 

each disease data point was joined. The attribute table was exported to Minitab to conduct 

correlation analysis and binary logistic regression. 

Spearman’s rho correlation was carried out between the soil variables and podoconiosis 

prevalence. Spearman’s rho correlation analysis measures how a change in one variable is 

related to change in another. Binary logistic regression moves beyond the correlation 

analysis by instead of using prevalence, which is measuring the amount of podoconiosis in 

relation to population; logistic regression utilises the occurrence data. By investigating 

occurrence data using binary logistic regression the odds ratio can be calculated for each 

individual soil variable to determine how their quantity in the soil affects the likelihood that 

a community has at least one case of podoconiosis. 

Spearman’s rho and binary logistic regression analysis are explained in detail in chapter 3 

(section 3.4.4).  This analysis was carried out to give an initial overview of any proximal 

associations. In total 168 data points were used as inputs for these analyses. The spatial join 

tool was a good initial method for the investigation between soil and prevalence; however, 
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this method may not be robust enough when there is an increased distance from disease data 

points and the soil data points. Therefore, spatial interpolation was utilised in this study to 

generate continuous soil property maps from discrete point-based data. 

4.4.2 Spatial Interpolation of soil variables 

Fine resolution soil sampling over large areas is not always achievable, due to logistical, 

temporal, and financial constraints. Spatial interpolation is therefore a vital tool often used 

for the mapping of soil properties over large spatial extents (Schloeder, Zimmerman and 

Jacobs, 2001; Bhunia, Shit and Maiti, 2016; Chen et al., 2016; Miller et al., 2016; Hou et 

al., 2017; Zhao et al., 2017). Several authors have assessed and compared different 

interpolation methods for soil data modelling, yet no consensus exists on the best method 

(Schloeder, Zimmerman and Jacobs, 2001; Robinson and Metternicht, 2006). Four spatial 

interpolation techniques commonly employed for soil mapping were examined in this study 

to determine the effectiveness of each to model the spatial distribution of the soil variables. 

These methods include IDW (Robinson and Metternicht, 2006), OK (Bhunia, Shit and Maiti, 

2018), EBK (Farina et al., 2017), and UK (Brus and Heuvelink, 2007). Section 3.4.2 

describes these interpolation methods in detail. 

The “leave one out” cross validation method was utilised to assess model performance, see 

section 3.4.2.4 for more details. Cross validation produces prediction error statistics; those 

utilised in this study include mean error, root mean squared error, average standard error, 

and root mean square standardised prediction error. Following the criteria set out in section 

3.4.2.4 the prediction error statistics were compared to produce the most suitable continuous 

surface for each soil variable. To ensure consistency within the modelling, the interpolation 

workflow set out in section 3.4.2.5 was followed.                                                                                                                                                                                                                                                                                                        

4.4.3 Buffered spatial selection and extraction of soil data 

The selected interpolation surfaces were converted to raster. The podoconiosis disease data 

points, collected by CHIs, were geo-located at the centroid of each community. To enable 

effective statistical analysis and to capture the lifestyles of participants more realistically, a 

larger region than the centroid position was used to enable more accurate models for 

residents who travel large distances for daily activities. For example, tending to their farms 

often beyond village boundaries (S.Wanji 2018, pers. comm., 23 September). Spatial buffers 

were created around the disease data points to represent an estimation of the area residents 

interacted with for these activities. As there were no studies in Cameroon which investigate 

daily activity distances, a previous study looking at villages in Uganda was used as a 
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precedent (Wardrop et al., 2012). The Ugandan study estimated that 3km was representative 

of the average distance that village inhabitants walked from their village on a daily basis 

(Wardrop et al., 2012). This study in no way deems to present Cameroon and Ugandan 

lifestyles as being the same, although they have been shown to have certain commonalities 

such as, in the rural areas of both countries, villagers may walk large distances to collect 

water and there is a strong reliance of agriculture and livestock husbandry. Therefore, within 

the present study 3km buffers were created as a default around each disease sample point, 

from which the mean soil variable values could then be calculated from the interpolated soil 

property surfaces within the buffered areas. Additionally, buffers at 1 and 5km were included 

to provide comparative analysis with the 3km buffers throughout the subsequent analysis. 

4.4.4 Correlation and binary logistic regression  

Similar to the proximity analysis in section 4.4.1.2, Spearman’s rho correlation and binary 

logistic regression analysis was performed on the extracted interpolated soils data at each 

buffer distance. In total 168 data points were used for these analyses. For further explanation 

of these tests see section 3.4.4. 

4.4.4.1 Correlation analysis with adjusted prevalence correction factor 

As stated in section 3.3.2 the prevalence data utilised in this chapter was corrected to account 

for any inaccuracies among the community health implementers. The mean correction factor 

across the 6 health districts was 48.5% and was applied to all 19 health districts, however 

the correction factor ranged from 34.1–70%.                                                                                                         

As a further extension of the analysis, given the range of accuracy of diagnosis by the CHIs, 

the analysis was re-run using only data with a correction factor of 50 or above. A new mean 

correction factor of 70.5% was applied to the subset of data, and a Spearman’s rho 

correlation analysis was carried out on this adjusted prevalence dataset.  

This extension of the analysis was carried out to investigate the potential of the correction 

factor to influence the strength of associations between podoconiosis prevalence and soil 

variables. 

4.4.5 Multivariate analysis  

4.4.5.1 PCA 

PCA is a type of ordination analysis which reduces the dimensionality of a dataset, by 

computing new variables (principal components) made of linear combinations of the original 

soil variables. PCA was used to investigate the underlying structure of the soil variables. 



 

 

89 

 

Three separate PCAs were run for each buffer distance. The PCA included soil variables 

identified from both the proximal and interpolation analysis. Soil variables from the bivariate 

analysis identified as either positively correlated or an odds ratio greater than 1, with a 

significant p-value were input into the PCA. To visualise the underlying structure of the data, 

biplots were produced and ellipses of 0.95 confidence were created representing areas with 

podoconiosis (presence) and areas with no identified cases of podoconiosis (absence). For 

more information on PCA see section 3.4.6.1. 

4.5 RESULTS 

4.5.1 Normality tests 

From the normality tests, carried out in EDA, all variables apart from the minerals kaolinite, 

amorphous and the elements aluminium (Al) and thallium (Tl) had a statistically non-normal 

distribution (p-value < 0.05) and therefore non-parametric tests were utilised.  

4.5.2 Proximity correlation and logistic regression analysis  

The proximity analysis joined the closest ground sampled soil data point to each 

podoconiosis disease data point. For the mineral dataset, the closest distance between a 

disease data point and a ground sampled soil data point was 134m and the furthest distance 

was 6000m. For the element and additional variables dataset the closest distance between 

disease and a ground sampled soil data point was 33m and the furthest distance was 3119m.                                                                                                                                                                         

Table 4.1 shows the statistically significant (p-value < 0.05) correlated soil variables to 

disease prevalence from the spatial join dataset between the community prevalence data and 

the nearest ground-sampled soil data point.  
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Table 4-1 The significant (p-value <0.05) and Spearman’s correlation coefficient of soil variables amount and 

podoconiosis prevalence, based on spatial join. Sample size 168. * Variables with a statistically significant positive 

Spearman’s rho value. Soil variables are shown by their abbreviated names and LOI refers to Loss on Ignition. 

Variable Spearman’s rho P-value  

Elements 

As -0.233 0.002  

Ba* 0.171 0.027  

Ce -0.21 0.006  

Dy -0.163 0.035  

Er -0.159 0.04  

Fe -0.182 0.018  

Gd -0.156 0.044  

Ho -0.153 0.048  

K* 0.221 0.004  

Lu -0.157 0.043  

Mo -0.168 0.029  

Na* 0.195 0.011  

Nb -0.176 0.023  

Nd -0.186 0.016  

P -0.29 0.0001  

Pr -0.201 0.009  

Rb* 0.2 0.009  

Sb -0.208 0.007  

Sm -0.167 0.03  

Ta -0.162 0.036  

Tb -0.163 0.035  

Ti -0.173 0.025  

Tl* 0.197 0.01  

Tm -0.159 0.04  

V -0.171 0.027  

Yb -0.167 0.031  

Minerals 

K-felds* 0.173 0.025  

Other 

LOI -0.182 0.018   

 

A total of 28 soil variables were shown to have a statistically significant correlation with 

podoconiosis prevalence. More specifically, 6 soil variables were shown to be positively 
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correlated with the prevalence data, these included the variables: Ba, K, K-feldspar, Rb, Na, 

and Tl. Spearman’s rho values for positive correlations ranged between 0.171 and 0.221. 

The highest positive correlation with the Spearman’s rho correlation coefficient of 0.221 

was K.  

Table 4.2 shows the statistically significant (p-value < 0.05) variables from the binary 

logistic regression analysis, based on the spatial join data.  

Table 4-2 The significant (p-value <0.05) soil variables from binary logistic regression between podoconiosis occurrence 

spatial join data. Sample size 168. * Variables with a statistically significant odds ratio greater than 1. Variables are 

shown by their abbreviated names and LOI refers to Loss on Ignition. 

Variable Coefficient Std.Error Z-value P-value OR 

Elements 

As -0.208 0.0964 -2.158 0.029  0.812 

Ba* 0.00119 0.000559 2.133 0.026  1.001 

Ce -0.00351 0.00147 -2.388 0.016  0.997 

Dy -0.0560 0.0235 -2.383 0.016  0.946 

Er -0.1000 0.0405 -2.47 0.012  0.905 

Gd -0.0527 0.0250 -2.108 0.034  0.949 

Ho -0.299 0.125 -2.392 0.016  0.742 

Hf -0.0366 0.0152 -2.409 0.015  0.964 

K 0.000029 0.000013 2.231 0.022  1.000 

Lu -0.816 0.330 -2.473 0.012  0.442 

Nb -0.00387 0.00168 -2.304 0.020  0.996 

P -0.000778 0.000298 -2.611 0.008  0.999 

Rb* 0.00479 0.00249 1.924 0.049  1.005 

Sb -2.150 0.797 -2.698 0.005  0.117 

Sm -0.0465 0.0238 -1.954 0.049  0.955 

Ta -0.0660 0.0284 -2.324 0.018  0.936 

Tb -0.351 0.153 -2.294 0.021  0.704 

Th -0.0168 0.00827 -2.03 0.041  0.983 

Tl* 1.000 0.484 2.067 0.032  2.719 

Tm -0.755 0.308 -2.451 0.013  0.47 

Y -0.0113 0.00490 -2.308 0.020  0.988 

Yb -0.117 0.0474 -2.464 0.012  0.89 

Zn -0.00675 0.00344 -1.962 0.048  0.993 

Zr -0.000893 0.000382 -2.338 0.018  0.999 

Minerals 

Mica* 0.226 0.117 2.274 0.04  1.254 

Other 

LOI -0.0835 0.0340 -2.456 0.012  0.92 
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A total of 26 soil variables were shown to be statistically significant predictors of disease 

occurrence. More specifically, 4 soil variables were shown to have an odds ratio greater than 

1, these included the variables Ba, mica, Rb, and Tl. The greatest odds ratio was 2.719 for 

the element Tl, suggesting a unit increase in Tl increases the likelihood that an area has at 

least one case of podoconiosis by a factor of 2.719.  

4.5.3 Spatial analysis 

Several variables were removed in the next stage of the analysis due to their excess zero 

values and therefore, the inability to produce a reliable interpolation surface. These variables 

included the minerals anatase, cristobalite, tridymite, amphibole, olivine, chromite, ilmenite, 

smectite, vermiculite, and hydrobiotite.  

4.5.4 Interpolation Selection 

To select the most suitable interpolation surface for each soil variable, prediction error 

statistics were examined. The results are presented in a table in appendix B, displaying 

RMSE, ME, ASE, and RMSSE values for each soil variable and each selected interpolation 

method. IDW models did not have an ASE or RMSSE value since this method is not a 

statistical model. From the outputs generated, 0 IDW, 2 UK, 20 OK, and 43 EBK surfaces 

were selected for further analysis using the buffer approach. Figure 4.1 shows the 

interpolation surface for Be. 

 

Figure 4-1 Empirical Bayesian Kriging (EBK) interpolation surface for the element beryllium (Be). Prediction error 

statistics: Root Mean Square Error (RMSE) = 0.927, Mean Error (ME) = -0.004, Average standard error ASE= 0.927, 

Root Mean Square Standardized Error (RMSSE) = 1.002. 
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4.5.5 Correlation analysis and logistic regression outcomes 

Table 4.3 shows significant (p-value <0.05) variables from the correlation analysis between 

the soil variables’ means extracted at each buffer distance (1km, 3km, 5km) and 

podoconiosis prevalence. 
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Table 4-3 The statistically significant Spearman’s rho correlation and p-value stated between soil variables amount and 

podoconiosis prevalence at each buffer distance (1km, 3km, 5km). Sample size 168. * Variables with a statistically 

significant positive Spearman’s rho value. Variables are shown by their abbreviated names and LOI refers to Loss on 

Ignition. 

Variable Spearman’s rho P-value 

Buffer 

distance 

1km 3km 5km 1km 3km 5km 

Elements 

As -0.213 -0.200 -0.206 0.006  0.009  0.007  

Ba* 0.236 0.230 0.241 0.002  0.003  0.002  

Be* 0.168 0.194 0.207 0.029  0.012  0.007 

Cd -0.192 -0.202 -0.226 0.013  0.008  0.003  

Ce -0.185 -0.191 -0.171 0.016  0.013  0.027  

Cr -0.184 -0.205 -0.247 0.017  0.008  0.001  

Fe -0.158 -0.154 / 0.041  0.046  / 

Ga / / -0.163 / / 0.035  

Gd -0.184 -0.176 -0.152 0.017  0.022  0.049 

Hf -0.158 -0.157 -0.174 0.041  0.042  0.024  

K* 0.186 0.182 0.165 0.016  0.018  0.033  

Lu -0.153 -0.154 -0.157 0.047  0.047  0.042  

Mo -0.158 -0.162 -0.170 0.041  0.036  0.028  

Nb -0.191 -0.176 -0.177 0.013  0.022  0.022  

Nd / -0.173 -0.176 / 0.025  0.023  

P  -0.268 -0.266 -0.257 0.0001  0.0001  0.001  

Pr / -0.170 / / 0.028  / 

Rb* 0.186 0.161 / 0.016  0.037  / 

Se -0.161 / / 0.037  / / 

Sm -0.159 -0.173 -0.176 0.039  0.025  0.022  

Sr* 0.153 0.155 0.177 0.047  0.044  0.022  

Ta -0.181 -0.193 -0.201 0.019  0.012  0.009  

Ti -0.202 -0.202 -0.202 0.009  0.009  0.009  

Tl* 0.179 0.192 0.196 0.021  0.013 0.011  

Tm -0.168 -0.170 -0.175 0.030  0.028  0.024  

V  -0.237 -0.252 -0.232 0.002  0.001  0.002  

W / / -0.158 / / 0.04  

Zr -0.166 -0.160 -0.154 0.032  0.038  0.046  

Minerals 

Amorphous / / -0.152 / / 0.048  

K-

feldspar* 

0.170 0.154 / 0.027  0.046  / 

Other 

LOI  -0.240 -0.212 -0.215 0.002 0.006  0.005  

 

31 soil variables, across at least one of the three buffer distances, were identified as 

statistically significantly associated with podoconiosis prevalence. More specifically, 7 soil 
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variables were shown to be positively correlated with podoconiosis prevalence, which 

included Ba, Be, K, K-feldspar, Rb, Sr, and Tl. From these variables Ba, Be, K, Sr, and Tl 

were identified across all buffer distances with a positive correlation. The variables Rb and 

K-feldspar have a positive Spearman’s rho value across the 1 and 3km buffer distances. 

Spearman’s rho values for positive correlations ranged between 0.153 and 0.241. The 

highest positive Spearman’s rho correlation coefficient of 0.241 was Ba at the 5km buffer 

distance.  

In order to further test the association between podoconiosis and the soil variables, binary 

logistic regression was used. Podoconiosis occurrence data was used as the binary dependent 

variable and each soil variable as the continuous independent variable.                                                                                     

Table 4.4 identifies the significant variables (p-value <0.05) from the binary logistic 

regression across the three buffer distances. 
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Table 4-4 Binary logistic regression between soil variables extracted at 1, 3 and 5km buffer distances and the occurrence data of podoconiosis. The coefficient, standard error, z-value, p-value and odds ratio 

(OR) are stated. Only variables with an outcome of p-value <0.05 are included in the table. 168 sample points. * Variables with a statistically significant odds ratio greater than 1. Variables are shown by their 

abbreviated names and LOI refers to Loss on Ignition. 

 

 

 

 
1km 3km 5km 

 
Coefficient Std.Error Z-value P-value OR Coefficient Std.Error Z-value P-value OR Coefficient Std.Error Z-value P-value OR 

Elements 

Ba * 0.001708 0.000720 2.372 0.013  1.002 0.001737 0.000762 2.28 0.017  1.002 0.001931 0.000848 2.277 0.017  1.002 

Cr \ \ \ \ \ \ \ \ \ \ -0.01130 0.00545 -2.073 0.037  0.989 

P -0.001360 0.000603 -2.255 0.022  0.999 -0.001521 0.000666 -2.284 0.020  0.999 -0.001651 0.000751 -2.198 0.026  0.9983 

Th -0.0261 0.0124 -2.105 0.034  0.9743 -0.0271 0.0132 -2.053 0.039  0.9733 \ \ \ \ \ 

V -0.01359 0.00591 -2.299 0.019  0.9865 -0.01550 0.00620 -2.5 0.011  0.985 -0.01628 0.00684 -2.380 0.015  0.9838 

W \ \ \ \ \ \ \ \ \ \ -0.580 0.281 -2.064 0.036  0.560 

Minerals 

Amorphous -0.0504 0.0242 -2.083 0.034  0.951 -0.0541 0.0263 -2.057 0.037  0.9474 -0.0596 0.0301 -1.98 0.045  0.942 

Quartz* 0.0909 0.0366 2.484 0.010  1.095 0.0910 0.0397 2.292 0.018  1.095 0.1154 0.0467 2.471 0.011  1.122 

Other 

LOI -0.1645 0.0551 -2.985 0.002  0.848 -0.1844 0.0618 -2.984 0.002  0.832 -0.2211 0.0713 -3.101 0.001  0.802 



 

 

97 

 

A total of 9 soil variables were shown to be statistically significant (p-value <0.05) predictors 

of podoconiosis occurrence. More specifically, 2 soil variables were shown to have an odds 

ratio greater than 1, these included the variables Ba, with an odds ratio of 1.002 across all 

three buffer distances, and quartz with an odds ratio of 1.095 at 1 and 3km and an odds ratio 

of 1.122 at the 5km buffer distance. An odds ratio greater than 1 suggests that with an 

increase of quartz or Ba, there is an increased likelihood that an area has at least one case of 

podoconiosis.  

4.5.5.1 Correlation analysis with adjusted prevalence correction factor 

As explained in section 4.4.4.1 further analysis of the prevalence data with a correction factor 

of 70.5% was undertaken using 35 prevalence data points. Table 4.5 displays the statistically 

significant results from the Spearman’s rho correlation analysis across the 3 buffer distances. 
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Table 4-5 The statistically significant Spearman’s rho correlation and p-value stated between soil variable and 

podoconiosis prevalence at each buffer distance (1km,3km,5km). Podoconiosis prevalence data corrected using a 

correction factor of 70.5 (the mean correction factor when variable with a correction factor less than 50 are removed). 

Sample size 35. * Variables with a statistically significant positive Spearman’s rho value. Variables are shown by their 

abbreviated names and LOI refers to Loss on ignition. 

Variable Spearman’s rho P-value 

Buffer distance 1km 3km 5km 1km 3km 5km 

Elements 

Ag -0.401 -0.435 -0.450 0.017  0.009  0.007  

Cd -0.442 -0.470 -0.442 0.008  0.004  0.008  

Ce / / -0.338 / / 0.047  

Co -0.479 -0.489 -0.495 0.004  0.003  0.003  

Cr -0.467 -0.502 -0.544 0.005  0.002  0.001 

Cs* 0.358 0.358 / 0.035  0.035  / 

Cu -0.464 -0.477 -0.491 0.005  0.004  0.003 

Dy -0.382 -0.394 -0.377 0.023  0.019  0.026  

Er -0.387 -0.420 -0.414 0.022  0.012  0.013  

Eu -0.400 -0.428 / 0.017  0.010  / 

Fe -0.465 -0.462 -0.450 0.005  0.005  0.007 

Gd -0.339 / -0.347 0.046  / 0.041  

Hf / -0.339 / / 0.046  / 

Ho -0.386 -0.414 -0.399 0.022  0.013  0.018  

K* 0.481 0.510 0.484 0.003  0.002  0.003  

Lu -0.418 -0.405 -0.397 0.013  0.016  0.018  

Mn -0.450 -0.447 -0.450 0.007  0.007  0.007  

Nb -0.347 -0.338 / 0.041  0.047  / 

Nd / / -0.352 / / 0.038  

Ni -0.524 -0.568 -0.562 0.001  0.0001 0.0001 

P -0.421 -0.415 -0.390 0.012  0.013  0.021  

Pb* 0.425 0.436 0.475 0.011 0.009  0.004 

Rb* 0.399 0.394 0.404 0.018  0.019  0.016  

Sm -0.340 -0.395 -0.394 0.046  0.019  0.019  

Sr* 0.339 0.335 0.426 0.046  0.049  0.011  

Ta -0.403 -0.376 -0.345 0.016  0.026  0.042  

Tb -0.382 -0.401 -0.389 0.023  0.017  0.021  

Th* 0.441 0.479 0.493 0.008  0.004  0.003  

Ti -0.427 -0.391 / 0.011  0.020  / 

Tl* 0.417 0.390 0.375 0.013  0.021  0.027  

Tm -0.420 -0.395 -0.347 0.012  0.019  0.041  

U* 0.348 0.361 0.381 0.040  0.033  0.024  

V / -0.376 -0.445 / 0.026  0.007  

Y -0.384 -0.399 -0.395 0.023  0.018  0.019  

Yb -0.399 -0.433 -0.408 0.018  0.009  0.015  

Zn -0.453 -0.462 -0.477 0.006  0.005  0.004  

Zr -0.347 -0.349 / 0.041  0.040  / 

Minerals 

Amorphous -0.517 -0.506 -0.503 0.001  0.002  0.002  

K-feldspar* 0.533 0.547 0.485 0.001  0.001  0.003  
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A total of 39 soil variables were shown to have a statistically significant (p-value <0.05) 

correlation with prevalence. More specifically, 9 soil variables were shown to have a 

statistically significant positive correlation with the prevalence data, these included Cs, K, 

K-feldspar, Pb, Rb, Sr, Th, Tl, and U. Spearman’s rho values for positive correlations ranged 

between 0.348 and 0.547. The highest positive Spearman’s rho correlation coefficient of 

0.547 was K-feldspar at the 3km buffer distance.  

4.5.6 Multivariate analysis  

4.5.6.1 PCA  

The analysis identified several soil variables which had statistically significant associations 

with podoconiosis through a positive correlation, and/or with an odds ratio greater than 1. 

The variables selected included Ba, Be, K, K-feldspar, mica, Na, quartz, Rb, Sr, and Tl, were 

inputted into the PCA. The Spearman’s rho positive statistically significant variables from 

the 70.5% adjusted prevalence data were not included in the PCA due to the relatively small 

sample size of 35.                                                                                                                                  

For each buffer distance (1, 3, & 5km) a PCA was performed.  

4.5.6.2 PCA visualisation 

The PCA was utilised to identify any underlying patterns in the data by creating a biplot of 

the scores and variable loadings for PC1 and PC2. The data points were classified to 

represent the occurrence of podoconiosis. The PCA biplot of the data extracted at 3km is 

displayed in Figure 4.2. PCA biplots for the data extracted at 1 and 5km can be found in 

appendix C and D. 
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Figure 4-2 Biplot of principal components scores and factor loading on principal component 1 and 2 from the PCA of the 

3km buffer distance soil variables which have been suggested to be associated with podoconiosis through correlation 

or/and binary logistic regression analysis. PC1 eigenvalue = 5.84,. PC2 eigenvalue = 1.59. Ellipses are created with a 

confidence level of 0.95. Sample size 168. Variables are shown by their abbreviated names. 

The first two PCs, from Figure 4.2, present eigenvalues of 5.84 and 1.59, respectively. PC3 

has an eigenvalue of 0.89 of the variation of the data. Therefore, PC3 and subsequent 

principal components, with decreasing eigenvalues, were not investigated in this study as 

they explain less than a single original variable and would unlikely identify any patterns.  

In the PCA ordination the communities with at least one case of podoconiosis were 

represented with a blue triangle, and communities with no recorded cases were represented 

by a red circle. The larger triangle and circle in the figure represent the centre of each of the 

ellipses. 

The PC1 axis highlights a clustering of the positive eigenvectors, suggesting they are 

correlated with each other. The variables with the greatest eigenvectors on the horizontal 

axis, and therefore have the greatest weighting on PC1 and evidence the greatest impact due 

to the transformation into the new principal component space. These include the variables 

K-feldspar, Sr, K, Rb, Ba, Tl, and Na. The variables with the greatest eigenvectors on the 
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vertical axis, and therefore have the greatest weighting on PC2, include the variables mica, 

quartz, and Be. 

From a visual inspection of the PCA, it appears that there is no distinct separation between 

the communities with at least one case of podoconiosis, and communities with no recorded 

cases. However, with the 95% confidence ellipses added, the ellipses show a degree of 

separation, on both component axes as the selected soil variables increase in value.  

4.6 DISCUSSION 

The central aim of this chapter was to investigate associations between the disease data, 

prevalence and occurrence, and the soil mineralogical and elemental data. In order to achieve 

the aim, the following objectives were completed; an initial proximity analysis, soil variable 

interpolation modelling, bivariate correlation analysis, binary logistic regression analysis, 

and PCA. The findings from these objectives are discussed in detail in the subsequent 

sections.  

4.6.1 Proximal analysis  

A spatial join was completed between the nearest soil variable and each podoconiosis data 

point, to create a new dataset. The proximal analysis enabled identification of several 

statistically significant variables, without the need for intermediary modelling. This 

proximal analysis approach was essential in this study as not all of the soil variables could 

be interpolated or did not produce suitable prediction error statistics. The approach taken is 

an effective exploratory tool and provides a satisfactory method for identifying initial 

associations between the datasets, before intermediary modelling. Given the use of 

secondary data for this purpose the methodological design for this exploratory analysis is 

constrained to the approach performed to collect soil data and health data used here; studies 

which were conducted independently. The distances between the disease data points and the 

nearest soil sample locations did vary across the dataset, and it could be suggested that the 

greater the distance between these locations, the less likely it would be for individuals 

measured at the disease data points to have contact with the soil measured at the soil 

sampling locations. It is recommended that this method is most suitable between disease and 

soil data points which are co-located, or at locations where known movement occurs between 

individuals at the disease data points and the location of the soil sample.  
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4.6.2 Interpolation 

A continuous ground-sampled surface of the soil data was not available, thus, to co-locate 

and extract meaningful soil values for each disease data point, interpolation modelling was 

necessary using the existing soil sample dataset. Interpolation is a robust method which has 

been utilised in many studies for spatial prediction of soil variables (Burgess and Webster, 

1980; Robinson and Metternicht, 2006; Ha et al., 2014; Shen et al., 2019). No interpolation 

method has been identified as optimal for soil interpolation; therefore, it was appropriate for 

a range of interpolation methods to be investigated, which have been identified as suitable 

for modelling soil variables. Whilst the interpolation modelling followed an appropriate 

interpolation workflow and specific prediction error statistics criteria (Johnston et al., 2001), 

it should be noted that the accuracy and validity vary for each soil surface created and should 

be considered. The variation in prediction error statistics could be due to several reasons 

such as normality of the data, autocorrelation, and the density of sample points. For example, 

it could be suggested that goethite, hematite, and plagioclase (anorthite) interpolation 

surfaces were relatively poor, as the RMSE value for all interpolation models are greater 

than the mean mineral value. This could be as these mineral percentages were heavily 

skewed with high kurtosis scores and transformations to make the data normal were 

unsuccessful. Therefore, these minerals were not included in further analysis.  

In this study, and following independent validation, EBK was identified as the most suitable 

method for 42 out of the 64 soil variables. However, it should be noted that regarding the 

prediction error statistics, OK performed almost as well in most cases. This finding is 

consistent with previous studies performed by Tsui et al. (2016). The suggested advantage 

of EBK over the two other kriging methods (UK and OK) is its ability to account for the 

error introduced by estimating the semivariogram model. This is achieved by using a 

distribution of semivariogram models, instead of just one model by repeated simulations. 

EBK is a relatively new kriging method implemented by ArcGIS 10.1 in 2012 (Krivoruchko, 

2012) and therefore has not been extensively tested on soil variables (Bhunia, Shit and Maiti, 

2016; Tsui et al., 2016; Farina et al., 2017), compared to the more traditional interpolation 

methods such as OK.  

No IDW surfaces were selected, as IDW works well for regular spaced data, but does not 

account for spatial clustering (Isaaks and Srivastava, 1989). Additionally, only 2 UK 

surfaces were selected. The small number of UK surfaces could be due to the characteristics 

of the data and the absence of a strong trend, as it has been suggested UK is most suitable 

for modelling data with a common trend (Dai et al., 2014). 
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It is difficult to evaluate the outcomes from other studies which compare interpolation 

methods, as there is not one standardised method of comparing surfaces. The Lepot et al. 

(2017) review identifies 30 equations which have been used in previous studies to compare 

interpolation methods. From the literature there is no preferred comparison method, with 

Lepot et al. (2017) suggesting this may be due to several non-conformities between formulas 

and names, making it difficult to form comparison between studies.  

4.6.3 Disease data  

Podoconiosis disease data was collected at a household level before being aggregated to 

community level for statistical analysis. Community level was the smallest areal unit 

possible in this analysis as GPS coordinates were not recorded for individual households in 

the initial study for which this thesis draws data from. It was not possible to spatially analyse 

the household data in regard to the soil data, still it is important to highlight the issue of the 

MAUP, which was introduced in section 2.7.2. MAUP, occurs when data is aggregated at 

different scales or shapes which can impact the statistical outcome. An example by 

Openshaw (1984) demonstrated that different spatial units of aggregation of the data result 

in the corelation coefficient ranging from 0.99 to -0.99. However, as with many other studies 

involving health, the data is aggregated (Leal and Chaix, 2011) which can be due to several 

reasons such as privacy legislations (Cromley and McLafferty, 2011) and data availability. 

Thus, this is a common feature in disease studies (Fricker Jr and Burkom, 2021) but should 

be recognised as a potential limitation. 

Nonetheless, it should be stated that the MAUP could be causing statistical bias in this 

analysis, as it is expected individual households have different spatial exposure to the soil. 

Closely related to MAUP is the ecological fallacy. The ecological fallacy can be defined as 

making inferences about individuals based upon analysis of data at group level (Robinson, 

1950). Therefore, it is important to state that any statistically significant association 

identified between soil and podoconiosis data in this analysis is only found in the disease 

data aggregated to the community level and it cannot be stated that the association occurs at 

the individual level. Factors identified as associated with disease data aggregated at higher 

levels may not be associated with disease at individual levels (Piantadosi, Byar and Green, 

1988). 

Yet, in this study, using community level disease data can be reasoned as the most suitable 

option, due to firstly the lack of household GPS coordinates and secondly due to the 

unknown relationship between individual households and the spatial exposure to the soil. 
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Using the community podoconiosis data, results in a reasonable assumption which 

households from the same community are likely to be exposed to the same soils. The 

unknown community level spatial exposure to the soil is further discussed in the next section 

4.6.4.  

4.6.4 Buffered spatial selection 

Previous studies comparing environmental and podoconiosis data have not directly 

considered the movement of people (Molla et al., 2014; Muli, Gachohi and Kagai, 2017). 

Instead these studies have compared the variables directly underneath the disease data 

coordinates (Molla et al., 2014), or have been based on the collection of samples within the 

village boundaries (Muli, Gachohi and Kagai, 2017)  which is ultimately reliant upon 

geolocation accuracy and sedentary lifestyles.  

The buffer approach in this study, considers the geolocation accuracy of the disease data 

points and the movement of people in this area of Cameroon within a fixed radius. Buffers 

around the disease data points can be identified as an improved alternative to simply using 

point data, which represents the centroid of a community. Buffers have been used previously 

in a disease study on malaria, buffers were used to represent a range of potential scales at 

which variables may affect the disease occurrence (Fornace et al., 2016). Their study 

highlighted the understanding that villages are often within small-scale areas, but farming 

can range from small-scale farming to large-scale plantations, altering the scale at which 

human and environment interactions take place (Fornace et al., 2016). However, it should 

be noted that using buffers could be creating further issues, as it could be suggested that the 

buffers may not reliably represent the spatial interactions between villagers and soil. For 

example, it could be the case that areas in the spatial buffer which are included in creating 

an average soil variable value, may not be accessible to individuals (Oliver, Schuurman and 

Hall, 2007).  

For future research, it is proposed that studies could seek to identify how communities 

interact with the area around them, to understand their exposure to soil and environmental 

variables. Information on how villagers interact with the soil could be gained through a GPS 

study. An example of the application of GPS trackers is seen in Owers et al. (2018) where a 

GPS was used to evaluate residents’ exposure to environmental sources of leptospirosis, 

through recording the movement of residents over a 24 hour period.  
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4.6.5 Correlation analysis with adjusted prevalence data of 70.5% 

A previous study by Wanji et al. (2016) highlighted inaccuracies in CHIs collection of 

prevalence data. To account for these inaccuracies, the data utilised in this chapter was 

corrected using an adjustment factor of 48.5%. Statistical analysis was robust, yet the 

common occurrence of initial misdiagnosis of podoconiosis could be a reason for the low to 

moderate correlation coefficients identified. Misdiagnosis may have arisen due to the 

existence of lymphatic filariasis in North West Cameroon (Nana-Djeunga et al., 2015) as 

oedema of the foot and lower leg is present in both diseases. This is acknowledged as a 

potential limitation within this, and related studies, and may require further interpretation of 

the required correction factor to account for errors. 

As the accuracy of the CHIs varied over the 6 revisited health districts from 34.1-70%, the 

correlation analysis was re-run with an optimum correction factor. Using only data involved 

in creating the correction factor and with accuracy over 50%, the findings indicated that 

several of the soil variable’s correlation coefficients increased with the higher correction 

factor. For example, K-feldspar at 3km had a Spearman’s rho value of 0.159 for the original 

correction factor of 48.5%, however, when removing variables which were not involved in 

the correction analysis and those with prevalence recorded at less than 50% accuracy, the 

Spearman’s rho value increased to 0.547. 

It could be suggested that the correction factor of 48.5 was potentially underestimating the 

prevalence of some of the revisited areas which were identified as having a higher accuracy. 

This could be why stronger correlations occur for these variables when the correction factor 

is greater than the average 48.5. Despite the over and underestimating of prevalence that 

occurs when applying an average correction factor, it can be suggested as the most suitable 

method when accounting for inaccuracies (von Koskull et al., 2001; A-Elgayoum et al., 

2009). 

However, the analysis in this section does highlight the importance of future definitive 

diagnosis by the CHIs, to ensure that prevalence data is as accurate as possible, as the 

correction factor may have an impact over the strength of associations discovered. 

The outcomes from this Spearman’s rho analysis were not considered when suggesting soil 

variables association with podoconiosis, due to the relatively small sample size.  
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4.6.6 PCA visualisation  

Due to the large population of the disease data points and the corresponding soil variables, 

PCA was identified as an effective method to describe patterns within the large population. 

The PCA and ordination plots revealed no discrete groupings of soil compositions with 

respect to communities in which podoconiosis was present or absent. This suggests that the 

relationship between soil and this disease is likely complex and nuanced, moreover, areas 

can have very similar soil compositions but have different occurrence values. However, the 

envelope of the 95% confidence ellipse, representing villages with at least one case of 

podoconiosis, does extend, and begin to separate, as the soil variables suggested to be 

associated with podoconiosis occurrence increase and reach maximal values. The PCA 

indicates that other factors such as shoe wearing behaviour, foot washing (Molla et al., 

2013), and genetics (Tekola Ayele et al., 2012), may play a significant role in podoconiosis 

occurrence. This outcome is in accordance with Price and Henderson (1978) who, based on 

electron microscopy microanalysis of lower limb lymphatic tissues of barefooted people, 

identified no significant difference in the content of particles between affected and 

unaffected individuals. This suggests that other factors, which have not been captured in this 

study, could be having an impact on disease incidence. The genetic and behavioural 

influence of the disease may also suggest why correlation values for the significant variables 

were moderate to weak. The combination of environment, genetics, and everyday behaviour 

currently have an unmeasured individual weighting towards prevalence levels.  

PCA was used in a previous podoconiosis study to plot regional bedrock chemistry, from an 

online database, of areas endemic with podoconiosis. Hawaii was used as a control, as no 

podoconiosis cases are found there (Cooper et al., 2019). Cooper et al. (2019) identified that 

there was overlap of similar bedrock chemistry between the control Hawaii and the other 

locations in which podoconiosis can occur. This mirrors what is identified in this study, 

regarding communities with and without podoconiosis overlapping in respect of soil 

properties. Cooper et al. (2019) noted, that samples from all regions studied can be found 

across the PCA, however, the majority of samples including almost all the Hawaiian island 

cases formed one cluster and the second cluster was comprised of the majority of East 

African Rift samples. This suggested that the geochemistry between the East African Rift 

samples and the Hawaiian samples could be visually separated through the PCA, however, 

the Hawaiian samples were not separable from the other locations in which podoconiosis 

can occur. This suggests that there was no clear separation of the podoconiosis-associated 

regions from the non-associated region. Nevertheless, similar to this present study, Cooper 



 

 

107 

 

et al. (2019) were able to identify specific bedrock chemical characteristics for which 

loading values were more associated with the East African Rift cases than the Hawaiian 

cases. An example of this is an increase in K and Na. 

4.6.7 Associated soil variables 

This section will discuss individual soil variables which have been identified in this chapter 

with either, a statistically significant positive correlation, or those with a statistically 

significant odds ratio greater than 1; from both the proximity analysis and those identified 

from the interpolation analysis. The variables identified included Ba, Be, K, K-feldspar, 

mica, Na, quartz, Rb, Sr, and Tl. 

Several of these variables Ba, Be, K, Na, Sr, quartz, mica, and K-feldspar have previously 

been identified in the literature in relation to podoconiosis (Price and Henderson, 1978; 

Frommel et al., 1993; Molla et al., 2014; Le Blond et al., 2017). However, Rb, and Tl have 

not previously been identified as potentially associated variables.   

4.6.7.1 Elements                                                             

Multiple studies in Ethiopia have identified Ba as less common in the soils of endemic 

regions compared to non-endemic regions, contradicting the findings in this study (Frommel 

et al., 1993; Le Blond et al., 2017). Similarly, Sr was reported at higher levels in soils from 

towns in which podoconiosis did not occur (Frommel et al., 1993). However, from the 

multivariate analysis in Le Blond et al. (2017) the PCA of the independent soil variables and 

the multivariate regression of the component scores identified a concurrent increase of Ba, 

iron oxide, titanium dioxide, and manganese oxide in the soils increased haemolytic activity, 

a measure of toxicity. Sr and Ba in this study did not follow the trend from the Ethiopian 

studies, it has previously been suggested that it is likely that soil variables which were 

identified as significantly related to podoconiosis in other countries, such as Ethiopia, may 

not equally influence the distribution of podoconiosis everywhere. Conversely soil-

beryllium, in Ethiopia, was measured at relatively high concentrations in areas with 

podoconiosis compared to neighbouring areas in which podoconiosis prevalence is low, it 

was suggested to induce granuloma formation in the lymphoid tissue of humans (Frommel 

et al., 1993). The relationship with Be is intriguing. Be is relatively rare in rock-forming 

minerals (e.g. beryl and bertrandite) but may also be associated with feldspars, most 

concentrated in granitic pegmatites (Černý, 2002). Soils developed from these parent rocks 

may therefore contain Be, often bound to clay minerals or organic matter and may be 

augmented by anthropogenic coal ash, ore processing products or sewage sludge (Taylor et 
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al., 2003). Be is one of the most toxic elements in the periodic table and if inhaled or ingested 

can lead to the often-fatal lung disease, Chronic Beryllium Disease (CBD) or berylliosis, and 

is listed as a Class A EPA carcinogen (Taylor et al., 2003). In an immunology study the 

subcutaneous injection of beryllium in sheep induced a reactive fibrosis which led to 

obstructive lymphopathy (Hall, 1984).  

K and Na were included as variables in Price and Henderson (1978) analysis in which the 

percentage of particles was measured from elephantiasis femoral nodes and non-

elephantiasis femoral nodes. Price and Henderson (1978) identified that K and Na occurred 

in mineral particles of elephantiasis nodes but were not able to report if there was a 

significant different between non-elephantiasis nodes. Cooper et al. (2019) identified that 

minerals enriched with K and Na were associated with the PC group which identified the 

greatest separation between the geochemistry of regions associated with podoconiosis 

compared to the region with no cases. This study suggested that the higher relative 

abundance of K and Na were associated with PC cluster defined by regions with cases of 

podoconiosis. Le Blond et al. (2017) report also identifies an increase in K and Na in 

podoconiosis endemic soils in a region of Ethiopia. However, K and Na was suggested by 

Price and Bailey (1984) as unlikely pathological variables on small scale absorption, as they 

are normal constituents of the body.  

4.6.7.2 Minerals 

From the literature the pathogenesis of podoconiosis suggests that silicate particles enter 

through the skin and are taken up by the macrophages in the cell which lead to a lymphatic 

response (Price, 1977). K-feldspar, quartz, and mica are all types of silicate minerals. 

Silicates can be defined as minerals which contain the elements silicon and oxygen in some 

capacity. 

Quartz was significantly associated with podoconiosis prevalence in the Ethiopian study for 

ground-sampled soil variables (Molla et al., 2014). From the Molla et al. (2014) study quartz 

was identified to have a significant risk ratio of 1.16 in a multivariate model, suggesting a 

positive association with podoconiosis prevalence. However in the Le Blond et al. (2017) 

study there was no statistically significant difference in the mean quartz value of endemic 

areas compared to non-endemic areas. This despite, Le Blond et al. (2017) identifying that 

quartz elicited strong haemolytic activity, a non-specific measure of toxicity. Quartz is a 

very common mineral, occurring in almost all rock types and, due to its resistance to 

weathering, in most soils. Inhalation of very fine-grained (<10 µm) forms of quartz may 
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cause silicosis (NIOSH, 2002). The relationship between quartz and podoconiosis is perhaps 

surprising, considering quartz’s generally inert chemical behaviour. However, its relative 

hardness (7 on Mohs Scale), may result in increased skin abrasion facilitating entry of more 

toxic elements. As previously suggested the repeated exposure to quartz could worsen 

stratum corneum degradation and enable particles to penetrate the skin (Le Blond et al., 

2017). 

The mica measured in this study using XRD is described as undifferentiated and 

encompasses the mica group as a whole. The two most abundant forms of mica include 

muscovite KAl2(AlSi3)O10(OH,F)2 and biotite K(Mg,Fe2+)3(Al,Fe3+)Si3O10(OH,F)2. It could 

be suggested that the majority of the mica measured from the XRD is likely to be muscovite 

mica, due to large areas of granite in the study area (Bowen, 1956). Both forms of mica have 

a monoclinic crystal system, the hardness of muscovite mica is between 2.5 to 3 and for 

biotite the hardness ranges from 2 to 3 (Bishop et al., 1999). From Molla et al. (2014), mica 

was identified to have a statistically significant risk ratio of 1.09 in multivariate analysis, 

suggesting a positive association with podoconiosis prevalence. Mica can be grouped as a 

phyllosilicate mineral which has cytotoxic potential, this has been suggested because of their 

high surface area, due to their small particle size (Guthrie Jr, 1997). 

In Ethiopia, feldspar was reported to have a statistically significant lower proportion in 

endemic soils compared to non-endemic (Le Blond et al., 2017). However, it should be 

recognised that the feldspar identified in the Ethiopian study (Le Blond et al., 2017) could 

represent multiple types of feldspar other than K-feldspar measured in this present study. K-

feldspar is a common mineralogical component of igneous and metamorphic rocks, in 

particular, but is also found in sedimentary rocks and therefore soils derived from all three 

bedrock types. The association between Ba, K, Rb, Sr, and Tl and K-feldspar is well 

established, as K forms a major component (11–14%) of this group of minerals and Ba, Rb, 

Sr, and Tl all readily substitute for K, as they have similar ionic radii (Smith J.V, 1988). 

4.6.7.3 New suspected soil variables 

Within the analysis presented in the current study of Cameroon, two new soil variables; Rb, 

and Tl have been shown to be positively correlated with podoconiosis. To the best of 

knowledge, no previous studies have examined these variables in relation to podoconiosis. 

These variables have not been identified before. It is likely that soil variables may not equally 

influence the distribution of podoconiosis everywhere. However, as aforementioned, there 

is an association between Rb and Tl and the mineral K-feldspar. The identification of these 
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new correlates is an important finding emerging from this study, and one which allows new 

soil variables to be investigated further in future and related studies on this disease, in 

Cameroon and other endemic areas. 

4.6.7.4 Variables not identified as associated 

It should be noted that several variables identified as associated with podoconiosis in the 

literature did not appear to be significant in this study. For example the clay minerals 

kaolinite and smectite have been identified in other studies as associated with podoconiosis 

(Molla et al., 2014). However, in this study smectite was not included in the proximity or 

interpolation analysis, as most of the ground sampled smectite values were recorded as 

undetectable. It has been identified in a geological study of the Ndop plain in this region of 

North West Cameroon, that small amounts of smectite were found in only some of the 

samples, suggesting that smectite is found in low abundances in this area of Northwest 

Cameroon (Yongue-Fouateu et al., 2016). This is an important reflection when considering 

this study within the wider literature base. This does not mean that this mineral should be 

discounted, it merely evidences further the nuanced nature of the correlates with this disease. 

The lack of statistical association of a mineral with podoconiosis prevalence does not 

discount it as a causative element, emphasised in areas where abundance is low to zero. 

Unlike smectite, kaolinite was interpolated, however in this present study there was no 

statistically significant association with podoconiosis identified. Some papers have 

suggested that there is a positive association between kaolinite and podoconiosis (Price and 

Henderson, 1978; Price and Bailey, 1984; Le Blond et al., 2017). However, Molla et al. 

(2014) identified kaolinite as significant, yet with a risk ratio of less than 1, this suggests that 

as kaolinite increases the likelihood of podoconiosis decreases. In Molla et al. (2014) 

multivariate analysis, kaolinite was not identified as statistically significant. This highlights 

the complexity of the identified associations between soil variables and podoconiosis. 

4.6.8 Associations with podoconiosis 

From the analysis in this chapter, and the literature explored within the discussion, several 

potential theories can be discussed relating to the association between the statistically 

significant variables and podoconiosis.                                                                                                                                                                         

Firstly, it could be suggested that they are disease covariates. For example, as previously 

suggested, the abrasive components such as quartz in the soil could worsen stratum corneum 

degradation and allow nano and submicron particles to penetrate the skin (Le Blond et al., 

2017). Quartz is a 7 on the Mohs hardness scale, therefore it could also be suggested that K-
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feldspar could also worsen the stratum corneum with a hardness of 6-6.5, whereas this is less 

likely of mica minerals with a hardness of 2-2.5. This would suggest it is not the mineral 

causing the disease but is facilitating the occurrence of the disease.                                                                                                                                                                    

Secondly, it could be suggested that the variables are causal agents of podoconiosis. The 

proposal being that it is the element content resulting in the immune response, entering 

through the skin as either an ion or as a mineral containing the elements which are released 

into the cell, causing the reaction. Alternatively, the immune reaction could be linked to the 

shape and physical structure of the mineral itself, not the element content, which could be 

causing the reaction inside the cell. An example of this is asbestos, a mineral which causes 

severe lung damage due to the long, thin, straight fibrous structure which when inhaled 

causes irritation to the lungs (Suzuki and Churg, 1969).  

4.7 CONCLUSION 

The aim of this chapter is to spatially analyse the ground-sampled soil elemental and 

mineralogical data, to identify associations with contemporary podoconiosis data, using geo-

statistical analysis. This was successfully completed highlighting several soil variables with 

associations.  

In conclusion, the analysis in this chapter indicates several significant associations between 

soil variables and podoconiosis, which are further highlighted in the PCA analysis.  

The analysis identified 7 elements, Ba, Be, K, Na, Rb, Sr and Tl, and 3 mineral, k-feldspar, 

quartz, and mica as associated with podoconiosis. From the scope of the study, the nature of 

these associations cannot be established, only inferences can be made as to whether they 

could be causal agents or disease covariates. The significant correlations identified in this 

chapter can be critiqued as being statistically significant but weak in strength, as well as 

presenting significant but relatively low odds ratios. 

Analysis was undertaken to assess the impact of the accuracy of the CHIs diagnosis through 

an adjusted prevalence analysis. For example, K-feldspar at 3km buffer distance with the 

prevalence corrected at the original 48.5% resulted in a 0.159 Spearman’s rho value. 

Removing the data points which were not involved in the correction analysis and those with 

prevalence less than 50% accuracy and the application of a new average correction factor of 

70.5%, the Spearman’s rho value increased to 0.547. A key finding from this analysis was 

the identification of the importance of definitive diagnosis by the CHIs to ensure that 

prevalence data is as robust as possible. 



 

 

112 

 

The PCA biplots showed no definite groupings of soil compositions with respect to 

podoconiosis occurrence. This proposes that areas can have very similar soil compositions 

but can vary in podoconiosis occurrence. This supports the literature and may indicate that 

other factors such as shoe wearing behaviour and genetics may play a significant role in 

podoconiosis occurrence. However, the envelope of the 95% confidence ellipse, representing 

villages with at least one case of podoconiosis, does extend, and begin to separate, as the soil 

variables suggested to be associated with podoconiosis occurrence increase and reach 

maximal values.            

Finally, from the interpolation analysis it was concluded that the method EBK produced a 

greater number of interpolation surfaces with the best prediction accuracy statistics 

compared to the other interpolation methods. This likely occurred as EBK has the ability to 

account for the error introduced by estimating the semivariogram model. 

Chapter 5 will further investigate the nature of the association through the use of cell culture 

experiments, to identify their potential to act as causal agents rather than covariates. 
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5) CHAPTER 5: MACROPHAGE CELL RESPONSES TO 

CAMEROON SOIL SAMPLES AND MINERALS ASSOCIATED 

WITH PODOCONIOSIS 

5.1 PREAMBLE 

This chapter presents the results of cell culture experiments designed to explore potential 

inflammatory triggers of podoconiosis in the Cameroon soils collected from endemic areas 

and using mineral standards. An established macrophage cell model was used to evaluate 

cell viability and activation of pro-inflammatory signalling pathways in cells stimulated with 

minerals and soil sample aliquots. From chapter 4 several soil components, including quartz, 

mica, and potassium feldspar, were identified to be statistically significantly associated with 

podoconiosis (Gislam et al., 2020). However, the nature of these associations is 

undetermined. They could be identified as being disease covariates or potentially stimuli 

which trigger podoconiosis. To further this study, by proposing the nature of the 

associations, inflammatory responses were measured through cell assays. This is the first 

study, in podoconiosis research, to link geospatial analysis with a cell culture analysis 

approach, using the same ground-sampled soil in both methods. The analysis is also the first 

of its kind to analyse soil sample stimuli from the podoconiosis endemic region of North 

West Cameroon in macrophage cell response experiments.                                                        

The minerals identified as statistically significant in the previous chapter and additional 

minerals identified in the literature (Molla et al., 2014; Le Blond et al., 2017), were utilised 

as stimuli for the cell culture experiments. A selection of soil samples from the podoconiosis 

endemic region of North West Cameroon, analysed in the previous chapter, were also used 

as stimuli.  

5.2 INTRODUCTION 

Sterile inflammation is inflammation which occurs in the absence of microorganisms and 

results from leakage of intracellular contents in the context of cell damage, for example due 

to chemically-induced trauma or reperfusion injury (Chen and Nuñez, 2010). Examples of 

conditions caused by sterile inflammation include gout (Busso and So, 2010), asbestosis, 

and silicosis (Dostert et al., 2008). The pathogenesis of podoconiosis is not fully understood, 

though it is suggested to be triggered by particle-induced inflammation in genetically 

susceptible individuals. It is believed that unknown particles enter through the skin of the 

foot, and are engulfed by macrophages, inducing an inflammatory response in the lymphatic 
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vessels, resulting in fibrosis and the obstruction of the vessel lumen (Price, 1976a). Price and 

Henderson (1978) identified minerals of colloid size, containing elements characteristic of 

volcanic soils, such as Al, Si, Mg, Na, Ca, and Fe in the macrophages of lymph nodes, both 

in people with lymphoedema and people without. In addition, Price and Henderson (1979) 

identified via electron microscopy of femoral lymph nodes from barefooted Ethiopians, that 

colloid-size particles were found in the lysosomes of the macrophages. These studies 

indicate the potential role of macrophages in podoconiosis pathogenesis.  

Macrophages are a type of white blood cell of the immune system which engulf and digest 

particles and are antigen presenting cells. When activated, macrophages express high levels 

of major histocompatibility complex (MHC) class II molecules (Kindt et al., 2007), which 

can present antigens to T-helper lymphocyte cells. Tekola Ayele et al. (2012) identified an 

association between genetic variants in HLA class II loci with podoconiosis, suggesting that 

the condition is a T-cell mediated inflammatory disease. From the lymph node blocks 

collected and used by Price and Henderson (1978; 1979), a more recent analysis of these 

blocks by Yardy et al. (2018) were able to class the lymphocytes as predominately CD4+ T-

cells. Further evidence supporting a role for chronic immune activation in the pathogenesis 

of podoconiosis has been evidenced from a multiplex gene expression study also using these 

lymph node blocks (Alcantara et al., 2020). The study showed upregulation of pro-

inflammatory RNA transcripts from genes involved in lymphocyte activation, adaptive 

immunity, cytokine signalling, antigen processing, and the IL-12 pathways (Alcantara et al., 

2020). However, the exact mechanisms involved in the immune response are unknown.  

Other inflammatory diseases caused by sterile environmental particulate matter, such as 

asbestosis and silicosis appear to involve the activation of the (NOD)-like receptor protein 3 

(NLRP3) inflammasome as a key initial cellular event (Dostert et al., 2008). NLRP3 is a 

putative sensor found within the cytoplasm of cells and is a type of nucleotide-binding 

domain leucine-rich repeat containing receptors (NLR) (Cassel, Joly and Sutterwala, 2009). 

Due to the fact that the NLRP3 inflammasome is key to many other sterile inflammatory 

diseases this investigation of the NLRP3 inflammasome response of podoconiosis-

associated minerals and podoconiosis endemic soil samples was prompted.  

In addition, particle size of the stimuli was also measured. Particle size has been proposed 

to be a potential predictor of podoconiosis (Price and Plant, 1990; Deribe et al., 2013). The 

review by Deribe et al. (2013) on the relation of environmental factors to the spatial 

distribution of podoconiosis in Ethiopia, indicated that areas with fine soil texture had 
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increased odds of high podoconiosis prevalence compared to areas with medium soil texture. 

Particle size distribution was therefore measured to investigate how particle size may affect 

the immune response. 

5.2.1 NLRP3 Inflammasome response 

NLRs are types of receptors known as pattern recognition receptors (PRRs) which alert the 

body to the presence of potential harmful pathogens. They recognise structures known as 

pathogen-associated molecular patterns (PAMPs) e.g. bacterial and viral RNA (Allen et al., 

2009; Harder et al., 2009), endogenous damage associated molecular patterns (DAMPs) e.g. 

monosodium urate (MSU) crystals (Martinon et al., 2006) and ATP (Mariathasan et al., 

2006), and environmental inflammatory substrates e.g. silica and asbestos (Dostert et al., 

2008). Upon activation, the NLRP3 self-oligomerizes and binds the adaptor molecule 

apoptosis-associated speck-like protein containing a CARD domain (ASC), it then recruits 

pro-caspase-1, forming the multimeric protein complex known as an inflammasome 

(Schroder and Tschopp, 2010). This activates caspase-1, which in turn leads to the 

processing and release of pro-inflammatory cytokines. In their inactivated state the 

inflammatory cytokines known as pro-interleukin (IL)-1β and pro-IL-18, can be cleaved by 

caspase-1 to form the mature forms IL-1β and IL-18. The IL-1 family cytokines are 

important for T-cell activation. 

The activation of the NLRP3 inflammasome is a two-step process, which firstly requires the 

activation of nuclear factor kappa-light-chain-enhancer of activated B cells (NF-κB) 

transcription factor (Boaru et al., 2015). The NF-κB pathway can be activated downstream 

of many receptors, such as, Nucleotide-binding and oligomerization domain NLR, 

cytokines, and toll-like receptors (Lawrence, 2009). The activation of NF-κB protein 

complex is required to produce the inflammasome complex components and pro-

inflammatory cytokine precursors (Oeckinghaus and Ghosh, 2009). The second step requires 

PAMPS, DAMPS, or environmental substrates to trigger the assembly of the NLRP3 

inflammasome (Lamkanfi and Dixit, 2009). For example, in podoconiosis it is suggested 

that a mineral could be acting as an environmental substrate, triggering the assembly of 

NLRP3. Figure 5.1 describes the routes for the activation of the NLRP3 inflammasome, 

which includes priming of NF-κB. 
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Figure 5-1 The two-step process in activating the Nucleotide-binding and oligomerization domain NOD-like receptors 

protein 3 (NLRP3) inflammasome. Firstly the ‘priming’ step in which nuclear factor kappa-light-chain-enhancer of 

activated B cells (NF-κB) is activated downstream of toll-like receptors (TLRs), resulting in the transcription of 

proinflammatory cytokines and NLRP3 complex components. Secondly the stimulus, damage associated molecular 

patterns (DAMPS), pathogen-associated molecular patterns (PAMPS) or environmental substrates for NLRP3 

inflammasome assembly which leads to the formation of active caspase-1 and subsequent cleaving of proinflammatory 

cytokines. Diagram based on (Liu et al., 2017). 

As well as cleaving pro- IL-1β and pro-IL-18, caspase-1 activation can lead to pyroptosis, a 

form of programmed cell death which results in cellular lysis and releases the cytosolic 

contents into the extracellular space (Bergsbaken, Fink and Cookson, 2009). 

In this study, both NF-κB and NLRP3 activation were measured. The cells were primed with 

phorbol myristate acetate (PMA), a mitogen that activates T-cells, to create a background 

level of NF-κB, as it is considered that the NF-κB pathway will not be activated directly by 

mineral or soil stimuli. The background level of NF-κB, created by the addition of PMA, is 

sufficient to allow the NLRP3 to be activated if triggered by the minerals or soils stimuli. 

Nf-κB activation by the macrophage cells with added stimuli was measured and compared 

against a positive control, PAM3 which is a TLR2 agonist that induces Nf-κB activation. 

5.3 STUDY AIM AND OBJECTIVES 

The aim of the chapter is to investigate a potential inflammatory pathway of podoconiosis 

and measure the immune reaction of macrophage model cell line in response to the 

stimulation of mineral standards and ground-sampled North West Cameroon soil. The first 

objective is to carry out particle size analysis on the mineral standards and soil samples. The 

second objective is to determine the concentration of the stimuli to be utilised in the cell 

culture experiments, by means of a cell viability assay. The third objective is to investigate 
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the activation of NF-κB and NLRP3 inflammasome signalling pathways and cell viability in 

response to the various introduced stimuli. 

5.4 METHODS 

5.4.1 Samples 

5.4.1.1 Soil sampling data 

See chapter 3, section 3.3.1 for details on the Cameroon soil sampling protocol. Eight soil 

samples from the original 195 were available for this analysis. Table 5.1 describes the soil 

sample collection locations. As identified in chapter 4, the soil samples were not sampled at 

the podoconiosis disease sampling location, therefore the final two columns of Table 5.1 

identify the nearest prevalence data value and its distance from the soil data location. 

Table 5-1 Description of key information for North West Cameroon soil samples used in this study. 

Soil 

Sample 

ID 

Elevation 

(m) 

Rock type Other details  Prevalence Distance 

between 

prevalence and 

soil data point 

(m) 

10 1233 Granitic Slope terrain, 
Forest land 

0 2290.88 

11 1266 Granitic Farmland 
(maize and 
cassava 
cultivated), 
gentle slope 

8.483 1317.71 

32 1120 Granitic Farmland 0 3673.79 

41 1223 Laterite 
 

Gentle slope, 
farmland close 
to settlement 
(palms, 
plantains, 
cocoyams) 

6.406 1045.46 

74 1204 Volcanic 
bombs 

 

Farmland, 
cassava 
cultivated 

0.204 1240.64 

82 1327 Granitic Grassland, 
partially grazed 

0 4751.83 

124 766 Granitic - 0 744.25 

144 633 Granitic - 0.434 4025.44 
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5.4.1.2 Mineral standards 

The mineral standards used in this study were acquired from the Natural History Museum 

(NHM), London, on 05.04.19, loan number: MIN2019-399 PET and include; quartz (SiO4), 

orthoclase feldspars (KAlSi₃O₈), hydrobiotite mica (K(Mg,Fe)3AlSi3O10(F,OH)2), smectite 

(Na,Ca)0.33(Al,Mg)2(Si4O10)(OH)2·nH2O, kaolinite (Al2Si2O5(OH)4), and chlorite 

((Mg,Fe)3(Si,Al)4O10(OH)2 ·(Mg,Fe)3(OH)6.). Table 5.2 provides information regarding the 

source of these samples. 

Table 5-2 Charasteristics of the mineral samples used in this study.  

Panel of silicate minerals tested 

Type Group Sample More info 

Phyllosilicates 

(sheet silicates) 

Clay 

minerals 

Smectite #1 NHMi collection, unknown origin 

Smectite #2 Sigma-Aldrich 

Kaolinite #1 NHM collection; well crystallised from 

Georgia, USA 

Kaolinite #2 Sigma-Aldrich 

Mica Hydrobiotit

e 

NHM collection; graded sample from 

Transvaal, South Africa 

Chlorite Chlorite NHM collection, from Wester Ross, 

Scotland; might contain talc 

Tectosilicates 

(three-

dimensional 

framework) 

Quartz Quartz NHM collection; pure crystals from 

Harrogate, Yorkshire 

Feldspar Orthoclase NHM collection; adularia from a vein 

in granite from Scopi Massiv, 

Switzerland 
i  Natural History Museum  

In addition to these samples, two commercially acquired samples of kaolinite and smectite 

(Sigma-Aldrich, UK) were also tested, which will be referred to as Sigma kaolinite and 

Sigma smectite. These commercial samples, which have a constant composition, were tested 

to identify any variance between the mineral standards of kaolinite and smectite from the 

NHM, which might not be as homogeneous. 

5.4.2 Particle size analysis 

Particle size analysis (PSA) was carried out on all the stimuli used for the cell culture 

analysis.  

Four grams of sample were added to a small beaker and 5ml of Calgon was added. The 

beakers were placed onto a rotary shaker at 175 rpm for 1 hour, then particle size distribution 

was measured using the Malvern Mastersizer 2000 (Malvern Panalytical Ltd, Malvern, UK). 

The particle size analyser captures the scattering pattern of the sample, through multiple 

detectors which collect the light scattering from a range of angles. This raw data is then 
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analysed through the software, using either the Mie or Fraunhofer theory (Malvern-

Instruments, 2007). The analysis model called general purpose was selected, this model is 

appropriate for most naturally occurring and milled samples (Malvern-Instruments, 2007).  

5.4.3 Cell assays 

For information on the cell preparation, cell viability assay, NF-κB assay, and inflammasome 

assay see chapter 3 section 3.5. 

5.4.4 Statistical analysis  

For the initial cell viability experiment, utilised to determine a suitable concentration of 

soil/mineral stimulant, three technical replicates were carried out for each stimulant and 

control. Once a suitable sample concentration was decided, subsequent experiments were 

repeated to acquire at least three biological replicates, each with three technical replicates. 

Statistical analysis was performed on the biological replicates. The data for each biological 

control were standardised using the average value from the untreated control. The data were 

analysed using a one-sample t-test to determine any statistical difference between the 

immune reaction of the control macrophage cells in comparison to the immune reaction of 

macrophage cells which have been treated with different stimuli.  

The one-sample t-test assumes that the data is normally distributed. Therefore, the 

standardised technical controls were transformed using log2 and a mean was calculated 

across the technical controls. The untreated control log2 mean was approximately equal to 

0. Table 5.3 displays the null and alternative hypotheses used for the three cell assays.  

Table 5-3 The one sample t-test null hypothesis and alternative hypothesis for each assay. 

 

 

Experiment Null hypothesis H0 Alternative hypothesis H1 

Cell viability 

assay 

The difference between the true 

mean and the comparison mean 

is equal to zero. 

The mean of the variable is less 

than the hypothesised mean of zero. 

NF-κB assay The difference between the true 

mean and the comparison mean 

is equal to zero. 

The mean of the variable is more 

than the hypothesised mean of zero. 

Inflammasome 

assay 

The difference between the true 

mean and the comparison mean 

is equal to zero. 

The mean of the variable is more 

than the hypothesised mean of zero. 
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For more information on the one sample t-test see chapter 3 section 3.4.3.1. 

5.4.5 PCA soil samples 

PCA was carried out on the eight soil samples, using the element data which was analysed 

in chapter 4. The PCA was utilised for reducing the dimensionality of the data while keeping 

any trends or patterns. Only three out of the eight soil samples were tested for mineral 

composition. Therefore, no PCA was created using the mineral composition. The PCA from 

the element data was plotted as a biplot to determine any clustering or patterning within the 

soil samples, which could explain outcomes from the cell assays. For more information on 

PCA see chapter 3, section 3.4.6.1. 

5.5 RESULTS 

The results section outlines the main findings from the immune activation studies. Section 

5.5.1 reports the findings of the particle size analysis of the stimuli as cumulative frequency 

curves. Section 5.5.2 reports the findings from the PCA. Section 5.5.3 presents the findings 

from the initial cell viability experiment, which determined the stimuli concentrations for 

the subsequent experiments. Finally, section 5.5.4, 5.5.5, and 5.5.6 present the results from 

the cell viability, NF-κB, and inflammasome assays, respectively, with stimuli at the selected 

concentrations from section 5.5.3, for both the mineral and soil stimuli. 

5.5.1 Particle size analysis 

PSA was carried out for each sample. The results from the PSA are plotted as cumulative 

frequency. Figure 5.2 shows cumulative frequency particle size curve for the 8 mineral 

samples.  
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Figure 5-2 Cumulative frequency curve of particle sizes for the mineral samples. Particle size was calculated using the Malvern Mastersizer 2000.  Abbreviated names: Sig Kaolinite= Sigma kaolinite & Sig 

Smectite = Sigma smectite. 
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From Figure 5.2 it is shown that the clay minerals kaolinite, smectite, Sigma kaolinite, and 

Sigma smectite contain a greater percentage of smaller particle sizes, compared to the other 

minerals hydrobiotite, quartz, orthoclase, and chlorite. Kaolinite contains the smaller sized 

particles compared to the other minerals; however, kaolinite’s curve is shallower compared 

to smectite suggesting that kaolinite contains a greater number of particles of larger size than 

smectite.   

Figure 5.3 shows cumulative frequency particle size curves for the 8 soil samples. 
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Figure 5-3 Cumulative frequency curve of particle sizes for the soil samples. Particle size was calculated using the Malvern Mastersizer 2000.

0

10

20

30

40

50

60

70

80

90

100

0
.0

2
0

0
.0

2
5

0
.0

3
2

0
.0

4
0

0
.0

5
0

0
.0

6
3

0
.0

8
0

0
.1

0
0

0
.1

2
6

0
.1

5
9

0
.2

0
0

0
.2

5
2

0
.3

1
7

0
.3

9
9

0
.5

0
2

0
.6

3
2

0
.7

9
6

1
.0

0
2

1
.2

6
2

1
.5

8
9

2
.0

0
0

2
.5

1
8

3
.1

7
0

3
.9

9
1

5
.0

2
4

6
.3

2
5

7
.9

6
2

1
0

.0
2

4

1
2

.6
1

9

1
5

.8
8

7

2
0

.0
0

0

2
5

.1
7

9

3
1

.6
9

8

3
9

.9
0

5

5
0

.2
3

8

6
3

.2
4

6

7
9

.6
2

1

1
0

0
.2

3
7

1
2

6
.1

9
1

1
5

8
.8

6
6

2
0

0
.0

0
0

2
5

1
.7

8
5

3
1

6
.9

7
9

3
9

9
.0

5
2

5
0

2
.3

7
7

6
3

2
.4

5
6

7
9

6
.2

1
4

1
,0

0
2

.3
7

4

1
,2

6
1

.9
1

5

1
,5

8
8

.6
5

6

2
,0

0
0

.0
0

0

C
u

m
u

la
ti

ve
 f

re
q

u
en

cy
 %

Particle size µm

Soil: 10 Soil: 11 Soil: 32 Soil: 41 Soil: 74 Soil: 82 Soil: 124 Soil: 144



 

 

124 

 

 

From Figure 5.3 it can be seen that all the soil samples follow a comparable curve. Samples 

furthest to the left of the graph contain a greater percentage of smaller particle sizes, e.g. soil 

sample 41 contains a greater percentage of smaller particles sizes than those samples to the 

right of the graph e.g. soil sample 82. 

5.5.2 PCA soil samples  

To facilitate a better comparative understanding of the elemental composition of the 8 soil 

samples, a PCA was carried out, as seen in Figure 5.4.  

 

Figure 5-4 Biplot of principal components scores and factor loading on principal component 1 and 2, from the PCA 

analysis of the 8 soil variables and elemental data. PC1 eigenvalue = 20.5, explaining 36.61% of the variation in the 

data. PC2 eigenvalue = 13.29, explaining 23.74% of the variation in the data. The labels indicate the element symbols, 

pH, and LOI (Loss On Ignition) a method of measuring organic carbon content. 

The first two PCs, from Figure 5.4, account for 36.61 % (eigenvalue = 20.5) and 23.74 % 

(eigenvalue =13.29) of the total variation of the dataset, respectively. From Figure 5.4 it can 

be seen that the soil samples 10, 32, 41, and 124 are clustered together towards the lower left 

of the PCA, whereas the other soil samples 11, 74, 82, and 144 appear to be more dispersed 

within the ordination suggesting their soil elemental content is dissimilar. Soil samples 10, 

32, 82, and 124 were closest to a community level disease data point with no identified 

podoconiosis cases. Soil samples 11, 41, 74, and 144 were closest to a community level 

disease data point with at least one case of podoconiosis identified.  
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5.5.3 Sample concentration calibration 

The aim of this preliminary experiment was to determine a suitable stimulus concentration. 

Initial cell viability assays with sample concentrations at 0.5mg/ml were carried out. This 

concentration was selected based on a previous Brighton and Sussex Medical School 

(BSMS) study in which this amount was selected as optimal in stimulation experiments using 

THP1-Blue™ cells (Palfrey, 2016). Calibration is required to ensure that the stimuli 

concentration selected does not result in a reduced cell viability, which could prevent any 

potential immune response from occurring. This reduced cell viability is selected as 0.8 

Standardised average fluorescence or below (D.Alcantara 2019, pers. comm. 31 May). 

Figure 5.5 shows the initial cell viability assay on THP1-Blue™ cells with the mineral 

samples at a concentration of 0.5mg/ml. 

 

 

 



 

 

126 

 

 

Figure 5-5 Bar graph of the cell viability of THP1- Blue™ cells stimulated for 20h  with podoconiosis-associated 

candidate minerals at 0.5mg/ml. The addition of minerals smectitie, kaolinite, and Sigma kaolinite resulted in decreased 

cell viability at this concentration. Standardised average fluorescence (560/590 nm) of 3 well replicates of mineral 

samples at 0.5 mg/ml, with the untreated well standardised at the value 1.0. (PAM3 was tested as it would be utilised as a 

postive control in the subsequent NF-κB assays). Error bars represent standard devaition across one experiment with 

three well replicates. Abbreviated names: Hydro = hydrobiotite, Ortho = orthoclase, S.Kao= Sigma kaolinite. 

From Figure 5.5, cell viability as measured by fluorescence when stimulated by the minerals 

smectite, kaolinite, and Sigma kaolinite were relatively low (below 0.8) in comparison to the 

untreated control. Therefore, these samples were re-run at sample concentrations of 0.4, 0.3, 

0.2, and 0.1mg/ml. During this initial experiment, the stimulant Sigma smectite was sourced 

and was utilised in the subsequent experiments. 

Figure 5.6 shows the cell viability assay outcomes, for the mineral stimuli smectite, kaolinite, 

Sigma kaolinite, and Sigma smectite at the concentrations of 0.4, 0.3, 0.2, and 0.1mg/ml. 
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Figure 5-6 Bar graph of the cell viability of THP1- Blue™ cells stimulated for 20h with podoconiosis associated 

candidate minerals at 0.4, 0.3, 0.2, and 0.1 (mg/ml). The addition of all the minerals at 0.1 mg/ml resulted in the highest 

cell viability for each mineral. Standardised average fluorescence (560/590 nm) of three well replicates of mineral 

samples kaolinite, smectite, Sigma kaolinite and Sigma smectite, with the untreated well standardised at the value 1.0. 

(PAM3 was tested as it would be utilised as a positive control in the subsequent NF-κB assays). Error bars represent 

standard deviation across two experiments with three well replicates. Abbreviated names: S.Kao= Sigma kaolinite & 

S.Smec = Sigma smectite.



 

 

128 

 

 

From Figure 5.6, cell viability when stimulated with kaolinite, smectite, Sigma kaolinite, 

and Sigma smectite added at a concentration of 0.1mg/ml was greater when those minerals 

were added to cells at the higher concentrations. Therefore, for all subsequent analysis all 

mineral samples were added at a concentration of 0.1mg/ml. 

Figure 5.7 shows the initial cell viability assay with the soil samples at a concentration of 

0.5mg/ml. 

 

Figure 5-7 Bar graph of the cell viability of THP1- Blue™ cells stimulated for 20 h with soil from podoconiosis-endemic 

regions at 0.5mg/ml. The addition of the soil sample 124 resulted in a decrease of cell viability. Standardised average 

fluorescence (560/590 nm) of three well replicates of soil samples at 0.5mg/ml, with the untreated well standardised at the 

value 1.0. (PAM3 was tested as it would be utilised as a postive control in the subsequent NF-κB assays). Error bars 

represent standard deviation of the three well replicates. 
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From Figure 5.7 the cell viability when stimulated by soil sample 124, can be identified as 

relatively low (below 0.8) in comparison to the untreated control. Therefore, soil sample 124 

was re-run at concentrations of 0.4, 0.3, 0.2, and 0.1mg/ml.  

Figure 5.8 shows the cell viability, for the soil sample 124 added at the concentrations 0.4, 

0.3, 0.2, and 0.1mg/ml. 

 

Figure 5-8 Bar graph of the cell viability of THP1- Blue™ cells stimulated for 20 h with soil sample 124 from podoconiosis-

endemic region minerals at 0.4, 0.3, 0.2, and 0.1 (mg/ml). Standardised average fluorescence (560/590 nm) of three well 

replicates with untreated control at 1.0. (PAM3 was tested as it would be utilised as a postive control in the subsequent 

NF-κB assays).  Error bars representing standard deviation across two experiments with three well replicates. 

From Figure 5.8, it can be seen across the varying concentrations of the soil sample 124, the 

cell viability did not vary greatly and was around 0.8. It was therefore determined to select 

the concentration 0.25mg/ml as a median concentration. For comparisons to be made across 

all soil samples, each subsequent analysis used soil samples added at 0.25mg/ml. 
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5.5.4 Macrophage viability following stimulation with podoconiosis associated soil 

and candidate minerals 

The first step in assessing the responses of macrophages to podoconiosis-associated soil and 

candidate minerals, was to determine how these particles impact on cell viability. 

A cell viability assay was implemented using CellTiter-Glo®, and from section 5.5.3 suitable 

concentrations of stimuli were identified. Mineral stimuli were added to the THP1- Blue™ 

cells at a concentration of 0.1mg/ml and soil stimuli at a concentration of 0.25mg/ml. Figures 

5.9 and 5.10 show THP1- Blue™ cells after stimulation with the mineral and soil samples, 

respectively, after 20 hours incubation.  
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A) 

 

B) 

 

C)  

 

D) 

 

E) 

 

F) 

 
G) 

 

H) 

 

I) 

 

Figure 5-9 PMA-differentiated THP1- Blue™ derived macrophages stimulated with the various mineral samples. Visualisation of cells after 20-hour incubation at 37° C, using a light microscope (10X 

magnification). A) Untreated B) Hydrobiotite, C) Kaolinite, D) Smectite, E) Quartz, F) Orthoclase, G) Chlorite, H) Sigma Kaolinite, I) Sigma Smectite. 
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A) 

 

B) 

 

C)

  
D) 

 

 E) 

 
F) 

 

G) 

 

H) 

 

Figure 5-10 PMA-differentiated THP1- Blue™ derived macrophages stimulated with North West Cameroon soil samples. Visualisation of cells after 20-hour incubation at 37° C, using a light microscope (10X 

magnification). A) Soil: 10 B) Soil: 11, C) Soil: 32, D) Soil:41, E) Soil:74, F) Soil: 82, G) Soil: 124, H) Soil: 144. 
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Following PMA-derived differentiation, THP1- Blue™ cells become adherent and develop 

macrophage-like properties.  

Figure 5.11 shows the cell viability outcomes after stimulation with the minerals at a 

concentration of 0.1mg/ml (standardised fluorescence values). 

 

Figure 5-11 Bar graph of the cell viability of THP1- Blue™ cells stimulated for 20 h with podoconiosis-associated 

candidate minerals at 0.1 mg/ml. The addition of the mineral hydrobiotite, smectite, Sigma kaolinite, and Sigma smectite 

resulted in cell viability levels significantly (p-value < 0.05) less than the untreated control. Standardised average 

fluorescence (560/590 nm) with the untreated well standardised to a value of 1.0. (PAM3 was tested as it would be 

utilised as a postive control in the subsequent NF-κB assays). Error bar represents standard deviation across six 

experiments with three well replicates. Abbreviated names: Hydro = hydrobiotite, Ortho = orthoclase, S.Kao=Sigma 

kaolinite & S.Smec = Sigma smectite. 

Figure 5.11 suggests that the addition of the minerals smectite and Sigma kaolinite resulted 

in a decreased cell viability in comparison to the untreated control. The addition of 

hydrobiotite (p-value= 0.049), smectite (p-value= 0.016), Sigma kaolinite (p-value= 0.014), 
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and Sigma smectite (p-value= 0.039) resulted in significant decrease in cell viability 

compared to the untreated control.  

Figure 5.12 shows the cell viability standardised fluorescence values for the soil samples at 

0.25mg/ml. 

 

Figure 5-12 Bar graph of the cell viability of THP1- Blue™ cells stimulated for 20 h with soil from podoconiosis-

endemic regions at 0.25 mg/ml. The addition of the soil samples did not result in statistically significant lower cell 

viability than the untreated control. Standardised average fluorescence (560/590 nm) with the untreated well 

standardised to a value of 1.0. (PAM3 was tested as it would be utilised as a postive control in the subsequent NF-κB 

assays). Error bar represents standard deviation across six experiments with three well replicates. 

From Figure 5.12, it can be seen that the addition of the soil samples did not reduce the cell 

viability in comparison to the untreated control. The effect of the various soil samples on 

viability was not statistically significant, suggesting that the addition of the soil samples at 

0.25mg/ml had no impact on cell viability. 
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5.5.5 NF-κB pathways activation in response to podoconiosis-associated soil and 

candidate minerals 

NF-κB is a major transcription factor involved in inflammatory responses which can be 

activated in many cell types, including macrophages, in response to different types of 

external stimuli. Activation of NF-κB in response to mineral and soil stimulants was assessed 

using a reporter assay as described in the methods chapter. Figure 5.13 shows NF-κB 

activation status in THP1- Blue™ derived macrophage following stimulation with mineral 

samples at the concentration of 0.1mg/ml. PAM-3 was used as a positive control for NF-κB 

activation. 

 

 

 



 

 

136 

 

 

Figure 5-13 Bar graph of the activation of the NF-κB pathway in THP1-BlueTM cells stimulated for 20 h with podoconiosis 

associated candidate minerals at 0.1 mg/ml. The addition of the mineral kaolinite and Sigma kaolinite resulted in a 

significantly (p-value <0.05) greater activation of the NF-κb pathway than the untreated control. Activation of NF-κB 

detected by quantification of SEAP reporter using QUANTI-Blue reagent. Standardised fluorescence values shown, with 

untreated control at 1.0.  Error bar represents standard deviation across five experiments with three well replicates. PAM3 

stimulation used as positive control. Abbreviated names: Hydro = hydrobiotite, Ortho = orthoclase, S.Kao= Sigma 

kaolinite & S.Smec = Sigma smectite. 

In Figure 5.13 it can be seen that NF-κB activation following stimulation with kaolinite (p-

value = 0.047), and Sigma kaolinite (p-value=0.012) was statistically significantly greater 

than the untreated control. However, in comparison to PAM3, a potent activator of NF-κB, 

kaolinite and Sigma kaolinite are only moderately activating the NF-κB pathway. None of 

the other mineral stimulants added activated the NF-κB pathway. 

Figure 5.14 shows NF-κB activation status in THP1- Blue™ derived macrophage following 

stimulation with soil samples at the concentration of 0.25mg/ml. 
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Figure 5-14 Bar graph of the activation of the NF-κB pathway in THP1- BlueTM cells stimulated for 20 h with soil 

from podoconiosis-endemic regions at 0.25 mg/ml. The addition of all the soil samples resulted in a significantly 

(p-value <0.05) greater activation of the NF-κb pathway than the untreated control. Activation of NF-κB detected 

by quantification of SEAP reporter using QUANTI-Blue reagent. Standardised fluorescence values shown, with 

untreated control at 1.0.  Error bar represents standard deviation across five experiments with three well 

replicates. PAM3 stimulation used as positive control. 

 

All soil samples showed similar NF-κB activation level as the positive control, PAM3, seen 

in Figure 5.14. The statistical analysis revealed that all soil variables had a statistically 

significantly greater NF-κB activation compared to the untreated control, soil 10 (p-value= 

0.001), soil 11 (p-value=0.0001), soil 32 (p-value=0.002), soil 41 (p-value=0.0001), soil 74 

(p-value= 0.0001), soil 82 (p-value =0.002), soil 124 (p-value =0.001), and soil 144 (p-value 

= 0.008).
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5.5.6 Inflammasome activation in response to podoconiosis-associated soil and 

candidate minerals 

Inflammasome activation was measured by quantifying downstream caspase-1 activity, as 

described in chapter 3 section 3.5.4. Figure 5.15 shows the outcomes from the inflammasome 

assay following stimulation with candidate minerals at the concentration of 0.1mg/ml. 

 

Figure 5-15 Bar graph of the activation of the inflammasome NLRP3 in THP1- Blue™ cells, stimulated for 20 h with 

podoconiosis associated candidate minerals associated at 0.1mg/ml. The addition of all the mineral stimuli resulted in 

signficantly (p-value <0.05) greater levels of caspase-1 than the untreated control. Standardised luminescence values 

with untreated control at 1.0. (PAM3 was tested as it would be utilised as a postive control in the subsequent NF-κB 

assays). Error bar represents standard deviation across four experiments with three well replicates. Abbreviated names: 

Hydro = hydrobiotite, Ortho = orthoclase, S.Kao= Sigma kaolinite & S.Smec = Sigma smectite. 

 

All the minerals induced statistically significantly higher levels of active caspase-1 than the 

untreated control, hydrobiotite (p-value= 0.0003), kaolinite (p-value =0.002), smectite (p-
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value=0.001), quartz (p-value=0.017), orthoclase (p-value=0.013), chlorite (p-value= 

0.022), Sigma kaolinite (p-value=0.002), and Sigma smectite (p-value=0.004). This 

indicates that all the mineral stimuli are activating the NLRP3 inflammasome pathway.  

Figure 5.16 shows the outcomes from the inflammasome assay following cell stimulation 

with soil samples at the concentration of 0.25mg/ml.  

 

Figure 5-16 Bar graph of the activation of the inflammasome NLRP3 in THP1- Blue™ cells stimulated  for 20 h with soil 

from podoconiosis-endemic regions at 0.25 mg/ml. Standardised luminescence values with untreated control at 1.0. 

(PAM3 was tested as it would be utilised  as a postive control in the subsequent NF-κB assays). Error bar represents 

standard deviation across four experiments with three well replicates. 

Figure 5.16 shows that there was little variation of capsase-1 activation between the 

untreated control compared to the cells treated with soil samples. 
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5.6 DISCUSSION 

This chapter investigated a potential pathogenic pathways for podoconiosis and assessed 

how soil and mineral stimuli may influence inflammatory pathway activation. The 

discussion considers the results from the cell-based assays and how they relate to the 

podoconiosis literature. The discussion also investigates the particle size distributions of the 

samples and considers how this could be impacting pathway activation.   

5.6.1 Particle size 

Particle size has been suggested to be a potential predictor of podoconiosis (Price and Plant, 

1990; Deribe et al., 2013) and could impact inflammatory pathway activation. From the 

mineral PSA, the minerals smectite and kaolinite and their Sigma counterparts all contained 

a higher amount of smaller sized particles than the other minerals. Sigma kaolinite, kaolinite, 

and smectite had the greatest inflammasome activation in comparison to the other minerals 

and had the highest proportion of particles less than 5µm compared to the other minerals. 

From Price (1990) it was suggested that causation of podoconiosis may be due to the greater 

proportion of particles by weight of the finer particles <5µm. However, this suggestion is, 

to a degree, challenged in this current study as the stimulant hydrobiotite, which has the 

lowest proportion of particles less than 5µm, has the 4th highest inflammasome activation, 

out of the 8 mineral samples. 

The soil samples follow similar particle size distribution curves. The similarity in particle 

size may reflect similarities in the area the samples were obtained and collected. All samples 

apart from soil 41 and soil 74 were described to have an underlying granite rock type - soil 

sample 41 was described as a laterite rock type, and soil sample 74 was described as volcanic 

bombs. Soil sample 41 and soil sample 74 were found to have a slightly greater percentage 

of smaller particles. However, due to the lack of variance of particle size distribution for the 

soil samples, it proved difficult to infer the potential effect, if any, that particle size of the 

soil samples may have on inflammatory pathway activation.  

Further research is needed to carry out particle size analysis on soil samples from both a 

podoconiosis endemic region and non-endemic region, to further advance understanding of 

whether particle size variations affect pathway activation. 

5.6.2 PCA 

The PCA biplot identified some grouping of the soil samples towards the bottom left 

indicating negative PC1 and PC2 contributions, however, samples 11, 74, 82, and 144 were 

separated from the group. This suggests there are greater differences in the elemental content 
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of the soil samples separated from the group than between those samples in the cluster 

towards the bottom left. The study identified no major differences between cell viability and 

inflammasome activation in response to the soil samples. 

5.6.3 Cell assays 

5.6.3.1 Macrophage viability 

The addition of samples at a concentration of 0.5mg/ml was initially suggested due to a 

previous study of cell viability with the addition of Ethiopian soil samples to THP1-Blue™ 

cells (Palfrey, 2016). From Figure 5.5, the addition of the minerals smectite, kaolinite, and 

Sigma kaolinite at a concentration of 0.5mg/ml resulted visually in reduced cell viability 

(below 0.8), compared to the untreated control. The Palfrey (2016) study, identified that the 

addition of the mineral kaolinite and smectite at 0.5mg/ml caused a statistically significant 

reduction in cell viability in comparison to the untreated control. However, Palfrey (2016) 

also identified that the addition of chlorite also resulted in a statistically significant reduction 

in cell viability, which is not visually identifiable from this study at 0.5mg/ml concentration. 

This disparity could be due to the different sources of the minerals, which may impact the 

interactions with the cells. For example, in Table 5.2, chlorite is noted as possibly containing 

talc, which could affect the outcomes. Quartz was also tested in the Palfrey (2016) study, 

with the outcome of no significant difference in cell viability, which can be suggested to be 

similar to the findings shown in Figure 5.5. The minerals hydrobiotite and orthoclase were 

not investigated in the Palfrey (2016) study, therefore no direct comparisons can be made. 

For the minerals hydrobiotite, smectite, Sigma kaolinite, and Sigma smectite, added at 

0.1mg/ml, the cell viability was significantly less than the untreated control, this could be 

due to their higher activation of the NLRP3 inflammasome, and subsequent capsase-1 

activation, which can lead to pyroptosis (Miao, Rajan and Aderem, 2011). It has been 

suggested that the activation of pyroptosis can further induce the release of IL-1β, which 

promotes the inflammatory response (Bergsbaken, Fink and Cookson, 2009). The minerals 

kaolinite, quartz, orthoclase, and chlorite all activated caspase-1, however, they did not have 

a statistically significant effect on cell viability. In this regard, it appears that under these 

conditions the caspase-1 activation was not strong enough to cause a statistically significant 

reduction in cell viability. 

The addition of soil samples at 0.25mg/ml resulted in none of the soil samples having a 

statistically significantly lower cell viability than the untreated control, this suggests that the 

cells have not been significantly impacted by pyroptosis. These potential findings are similar 
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to those identified in previous unpublished work from the Brighton Sussex Medical School 

lab for the cell viability assay on soil samples from Ethiopia in podoconiosis-endemic, 

transition, and non podoconiosis-endemic regions (D.Alcantara 2019, pers. comm. 31 May). 

It is possible that the cell viability of cells stimulated with soil samples was not reduced, due 

to the low or insignificant activation of caspase-1 they produced. 

5.6.3.2 NF-κB activation 

Sigma kaolinite and kaolinite were identified as having a statistically significantly greater 

NF-κB activation than the untreated control. This is comparable to the findings of previous 

work in the BSMS lab which also showed statistically significant activation of NF-κB 

pathways by kaolinite (D.Alcantara 2019, pers. comm. 31 May). However, in the previous 

work by BSMS they also identified smectite as an activator of the NF-κB pathway. The 

difference in activation observed between these studies could be due to the higher 

concentration (0.5mg/ml) of samples used in the previous BSMS study, in comparison to the 

concentration investigated in this present study (0.1mg/ml). The lower concentration in the 

present study could explain why smectite and Sigma smectite were not identified as 

statistically significant activators of the NF-κB pathway.  

In sterile inflammation, the mechanism of activation of the NF-κB pathway (which results 

in the precursors for NLRP3) is not clear. In podoconiosis inflammation in vivo, it is 

unknown how NF-κB may be activated, but could be due to soil-specific TLR ligands 

entering through the foot skin (Wang et al., 2003), DNA damage (Wang, Mani and Wu, 

2017), reactive oxygen species (ROS) (Lingappan, 2018), or bacteria entering through the 

skin of the foot (Brooks et al., 2017). 

There could be several reasons why there was a significant albeit moderate activation of the 

NF-κB in vitro. Firstly, if heat treatment carried out on the samples did not remove potential 

endotoxins which could result in NF-κB activation. Secondly, it has been suggested that the 

NLRP3 inflammasome can mediate the activation of NF-κB (Kinoshita et al., 2015). This 

has been previously identified in a study following the addition of MSU and aluminium 

adjuvant, to THP1- Blue™ cells, implying a positive feedback loop (Kinoshita et al., 2015). 

A third hypothesis is that the minerals cause the cells to release cytokines, such as tumor 

necrosis factor (TNF) and IL-1β , which mediate the innate immune response (Dinarello, 

2000) or the minerals could be increasing ROS which can also lead to NF-κB activation 

(Bubici et al., 2006).  
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The addition of each soil sample resulted in NF-κB activation levels that were statistically 

significantly greater than the untreated control, suggesting all the soil samples activated the 

NF-κB pathway. In the previous study completed by the BSMS lab, the soil samples from 

Ethiopian regions with different podoconiosis endemicity levels (endemic, transitional, and 

non-endemic) were also identified as activating the NF-κB pathway and it is likely that the 

activation of the NF-κB pathway, seen in macrophage cells stimulated by soils, could be due 

to potential endotoxins present in the soil. Heat inactivation was utilised to try and reduce 

the endotoxins present, however, there is a possibility of residual contamination in the soil 

samples. 

5.6.3.3 Inflammasome activation  

From Figure 5.15, the inflammasome assay, it can be seen that all mineral stimuli caused 

statistically significant caspase-1 activation compared to the untreated control, suggesting 

that all mineral stimuli activated the NLRP3 inflammasome. The previous study by the 

BSMS lab demonstrated a statistically significant activation of caspase-1 by kaolinite and 

smectite, with kaolinite resulting in the greatest activation (D.Alcantara 2019, pers. comm. 

31 May). In this present study both kaolinite and smectite and their Sigma counterparts 

induced statistically significant activation of the NLRP3 inflammasome, the activation levels 

varying for those with the same mineral description e.g. kaolinite and Sigma kaolinite. For 

example, Sigma kaolinite on average produced a stronger activation of caspase-1 (2.65) than 

kaolinite (1.57), whereas smectite (1.96) produced an average stronger activation of caspase-

1 than Sigma smectite (1.38). This is an important insight, as future experiments will need 

to consider how the source of the minerals added to the THP1- Blue™ cells may alter the 

strength of inflammatory pathway activation.  

Smectite may produce a stronger activation due to its greater proportion of finer particles; 

finer particles have previously been identified as a predictor of podoconiosis occurrence 

(Price and Plant, 1990; Deribe et al., 2013). However, this is not true for Sigma kaolinite. 

The particle size distribution of sample kaolinite contains a greater proportion of smaller-

sized particles than Sigma kaolinite, however, the sample kaolinite does contain a greater 

proportion of larger-sized particles than Sigma kaolinite. In the previous study by BSMS, 

chlorite, and quartz were not identified as significantly activating the inflammasome. This 

disparity could be due to different sources of the minerals - as previously highlighted the 

source information for the sample chlorite suggest that it could also contain talc, which 

would affect the purity of the sample. 
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None of the soil samples induced statistically significant activation of caspase-1, with some 

of the samples producing inconsistent outcomes, resulting in a modest error bar. In the 

previous work at BSMS, all the Ethiopian soil samples were shown to activate the 

inflammasome pathway (D.Alcantara 2019, pers. comm. 31 May). One reason that caspase-

1 activation was not identified across the soil samples in the present study might be due to 

the lower concentration (0.25mg/ml). Soil samples were added at 0.25mg/ml, because at 

0.5mg/ml the cell viability of one of the soil samples was lower than 80% in comparison to 

the untreated control. Equally, it could be hypothesised that the combination of elements and 

minerals identified in the Cameroon soil samples may not be as ‘podoconiosis-inducing’ as 

the soil samples from Ethiopia. For future experiments, different concentrations of soil 

stimuli could be added to the macrophage cell line with varying incubation times, as perhaps 

the soil stimuli may require a longer incubation time to activate the inflammasome response. 

5.6.3.4 Mineral stimuli outcomes 

All the minerals tested activated the NLRP3 inflammasome suggesting they could all be 

involved in the inflammatory response. However, the lower activation of the inflammasome, 

by the minerals hydrobiotite, chlorite, quartz, and orthoclase, suggests that these are less 

likely to be directly involved in the inflammatory pathway of podoconiosis. However, their 

role should not be ruled out, as perhaps different sources of these minerals or altered 

incubation times or different concentrations may produce, in vitro, greater inflammatory 

responses. On the other hand, in this study Sigma kaolinite and to an extent smectite were 

shown to have a greater activation of the inflammasome pathway, suggesting that they may 

have more involvement in the inflammatory pathway, though the data generated could also 

have been influenced by in vitro experimental conditions. In addition, cell viability was 

significantly reduced for Sigma kaolinite, Sigma smectite and smectite. It could be suggested 

that reduced cell viability could be due to capsase-1 activation, which can lead to pyroptosis 

(Miao, Rajan and Aderem, 2011). Furthermore, kaolinite and Sigma kaolinite significantly 

activated the NF-κB pathway, which could potentially be due to a positive feedback loop 

mediated by the NLRP3 activation.  

As stated earlier, and documented in the wider literature, kaolinite and smectite have been 

associated with podoconiosis (Molla et al., 2014; Le Blond et al., 2017). Le Blond et al. 

(2017) identified that kaolinite elicited a strong HA, with this haemolytic response 

representing a basic measure of toxicity. Interestingly, however, the results presented in 

chapter 4 did not identify a statistically significant association between kaolinite and 

podoconiosis. Nevertheless, it is possible that kaolinite does not equally influence the 
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distribution of podoconiosis everywhere. In the Molla et al. (2014) study, based in Ethiopia, 

univariate regression analysis did identify kaolinite as a significant predictor of 

podoconiosis. However, it is important to note that the odds ratio was less than 1, which 

suggested that as kaolinite increases the likelihood of podoconiosis decreases and this 

association was no longer significant in the multivariate analysis (Molla et al., 2014). In 

addition, Molla et al. (2014) identified smectite as having positive associations with 

podoconiosis in both the univariate and multivariate analysis, with an odds ratio greater than 

1 for both. As highlighted in chapter 4 smectite was not involved in the interpolation analysis 

due to excess zero values, suggesting that smectite is found in low abundances in North West 

Cameroon (Yongue-Fouateu et al., 2016). Due to the low abundance, it seems unlikely that 

smectite is involved in the inflammatory pathway in podoconiosis cases in North West 

Cameroon. 

5.7 LIMITATIONS  

THP1- Blue™ cells in vitro were used as a model for primary human monocytes, identified 

as a suitable model to study macrophage functions (Auwerx, 1991; Chanput, Mes and 

Wichers, 2014; Sapmak et al., 2016; Grimm et al., 2017). However, the limitations of using 

in vitro cultured cells in comparison to primary cells should be noted. It is possible that using 

cell cultures can result in different sensitivities and responses in comparison to the cells in 

their natural environment, due to the artificial environment of cell culture and the controlled 

cultivation of cells (Schildberger et al., 2013). However, using in vitro cell lines is beneficial 

as it minimises the effect of genetic variation, donor accessibility, and ethical concerns.  

Another limitation is that the available mineral stimuli may not be the best representation of 

the minerals identified in chapter 4. For example, hydrobiotite, a type of mica, was selected 

to represent the mica identified as significant in chapter 4. However, the mica in chapter 4 is 

either biotite, muscovite, or illite. In addition, hydrobiotite was measured separately in the 

XRD analysis from chapter 4, suggesting that hydrobiotite is not necessarily representative 

of XRD mica. For future experiments, additional mica species should be selected to better 

represent the mica identified as significant in chapter 4, such as muscovite or biotite. 

A final limitation with the present study is only having access to soil samples from a 

podoconiosis-endemic area of Cameroon, as no comparisons of particle size and 

inflammatory pathway activation can be made between an endemic and non-endemic region 

of Cameroon. 
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5.8 CONCLUSION 

The aim of this chapter was to carry out particle size analysis on stimuli, and to select a 

suitable concentration for the stimuli to be added to the macrophage cells. The aim was then 

to assess cell viability and assess the activation of the pro-inflammatory NF-κB and 

inflammasome pathways on macrophages treated with mineral and soil stimuli. 

In conclusion it was identified that all the soil samples, followed a similar particle size 

distribution, did not statistically reduce cell viability, and did not statistically cause NLRP3 

activation. All soil samples did statistically activate the NF-κB pathway. The most probable 

cause of the NF-κB activation is residual endotoxin contamination, however, as discussed in 

the chapter there could be other explanations for this activation. It can be concluded that 

these soil samples at 0.25 mg/ml did not result in the inflammasome response and therefore 

would not activate this inflammatory pathway. Future studies should repeat these studies 

with varying soil concentrations and to include soil samples from non-endemic regions. 

The key finding from this analysis was that the minerals kaolinite and smectite were 

identified as potential candidates for triggering the NLRP3 inflammatory response. It has 

been suggested that this could be due to their particle size distribution which showed that 

the samples kaolinite, smectite, and their Sigma counterparts had the greatest proportion of 

smaller sized particles than the other mineral samples. Smaller particle size has previously 

been associated with podoconiosis occurrence. Further research is needed to provide 

additional insights into these potential mineral triggers. 

The research has identified the potential of the NLRP3 inflammasome’s involvement in the 

pathogenesis of podoconiosis.  

The final analysis chapter in this thesis will examine the feasibility of predicting minerals 

identified as associated with podoconiosis, through chapter 4 and this current chapter, using 

multi and hyperspectral data analysis. The findings from the final analysis chapter could be 

utilised in future studies to constrain podoconiosis prediction models, and if coupled with 

the laboratory approaches utilised in the current chapter could form strong methodology for 

future podoconiosis investigations. 
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6) CHAPTER 6: ASSESSING THE ABILITY OF REMOTE 

SENSING TO PREDICT PODOCONIOSIS ASSOCIATED 

MINERALS 

6.1  PREAMBLE 

This chapter presents the third and final analysis chapter. The chapter explores the potential 

of using remote sensing spectral unmixing techniques to predict soil parameters associated 

with podoconiosis, in the absence of pure mineral endmembers. Pure endmembers were not 

extracted from available imagery due to nonlinearities and the absence of pure pixels in the 

studied regions, in addition, travelling to Cameroon to collect pure endmembers using a 

handheld spectrometer was not possible due to the covid-19 global pandemic and associated 

travel restrictions. At the outset of this chapter, synthetic spectra were created to replicate 

hyperspectral spectra as if collected from a current state of the art satellite system such as 

PRISMA, with each spectral profile representing a different combination of minerals and 

vegetation, replicating the mineral abundances identified through the soil collection and 

subsequent XRD analysis discussed in chapter 3. The specifications of PRISMA are adhered 

to through the course of this investigation due to the immense possibilities that such 

hyperspectral systems will be able to bring to future analyses; particularly when wall to wall 

and regular coverage from high resolution hyperspectral systems become available. Multiple 

synthetic datasets were created with varying noise and vegetation levels, to determine the 

suitability of this method in different settings and to provide insight into the use of satellite 

hyperspectral data to inform on soil composition and through this to establish associations 

with podoconiosis occurrence. To perform the study, synthetic spectra were split into 

training and test spectra. The training spectra were used as input endmembers in the linear 

unmixing model, to predict the abundance of minerals in the test spectra. Finally, the 

unmixing accuracy was assessed using correlation analysis and root mean square error, 

comparing predicted and ground truth mineral percentages.  

6.2  INTRODUCTION  

6.2.1 Remote sensing podoconiosis associated soil variables 

The collection of ground sampled soils is a resource intensive method of mapping the soil 

composition (Sumfleth and Duttmann, 2008). Remote sensing of soil properties can cover 
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large spatial areas in a short time which cannot be achieved through traditional soil sampling 

(Ben-Dor et al., 2009). Remote sensing also makes it possible to collect data in areas which 

are inaccessible or dangerous. This can occur in podoconiosis endemic regions such as the 

Southern Cameroons region of Cameroon which has been affected by the current 

Anglophone crisis (Okereke, 2018). In addition, the recent restriction of global travel which 

has occurred due to the coronavirus global pandemic, has further highlighted the importance 

of incorporating remote sensing data into more forms of environmental analysis, especially 

with the real likelihood of future global pandemics (Thoradeniya and Jayasinghe, 2021). 

In the previous analysis chapters, 4 and 5, several minerals were identified to be potentially 

associated with podoconiosis, which include kaolinite, mica, quartz, and k-feldspar. It is 

important to map widely the abundances of podoconiosis associated soil variables, so in the 

future they can be utilised to create detailed podoconiosis risk maps, to identify areas to 

focus education and health care programmes with the aim to eliminate podoconiosis. An 

example of a programme is the Mossy foot project which focuses on the prevention of 

podoconiosis, by distributing shoes, and treatment, and education on foot hygiene (Mossy 

Foot Project, 2021). While the risk of podoconiosis will not be established in this chapter, 

the work engages with the use of cutting-edge technology to establish the feasibility of using 

the presented modelled methodologies in future.  

As introduced in chapter 2, a mixed pixel is a pixel which contains more than one distinct 

substance. Unmixing looks to determine the amount of each substance there is in each pixel. 

Unmixing methods can be split into two types, data driven methods and physics-based 

models, these are discussed in section 2.10.3. Machine learning methods such as supervised 

classification have been used to quantify different hydrocarbon substances (Ahmed et al., 

2018) and soil salinity quantification (Wang et al., 2020), however a limitation of machine 

learning methods is that the training samples should be large enough to provide a 

representative and unbiased description of class properties. It has been suggested that the 

‘larger the better’ principal is correct. Piper (1992) suggests that the minimum adequate 

number of training samples is at least 10 times the number of classifiers. Therefore if 100 

hyperspectral bands are used in a supervised classification at least 1000 training samples are 

required to produce accurate results. Due to the large number of training samples that would 

be required for adequate outcomes of machine learning methods these approaches were not 

considered in this study with this work reliant on field data collecting a much smaller dataset. 

Therefore physics-based models are explored in this chapter. Physics-based models involve 

the modelling of light interactions in a scene such as, linear spectral unmixing introduced in 
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section 2.10.3.1.2 and nonlinear methods such as the multilinear mixing model in section 

2.10.3.1.3. 

6.2.2 Spectral features  

This study is underpinned by the relationship between spectral reflectance and material 

composition with the uniqueness of a material determined by its reflectance across a range 

of electromagnetic wavelengths. For spectral unmixing to succeed the materials being 

unmixed must have distinct absorption features with high absorption characterised by low 

reflectance. Distinct absorption features are introduced in section 2.10.1.1. and this section 

will focus on the absorption features of the identified podoconiosis associated minerals from 

chapter 4 and 5.  

Absorption features for minerals occur from both vibrational and electronic processes in 

molecules (Hunt, 1970). Kaolinite and muscovite mica have distinct absorption features in 

the SWIR region (1400-3000nm) (Testa et al., 2018). Kaolinite and muscovite mica 

commonly have strong absorption features around 1400, 1900, and 2200nm (Clark, 1999a; 

Pontual, Merry and Gamson, 2008). The absorption features of kaolinite and muscovite mica 

differ at the 1400nm and 2200nm wavelengths. Kaolinite spectra have hydroxyl (OH) 

stretching doublet at 1400nm and 1411nm and an Al-OH doublet at 2168nm and 2200nm. 

Whereas muscovite mica has a single hydroxyl feature at 1400nm, a strong Al-OH feature 

at 2200nm and then two broader Mg-OH features near 2350nm and 2450nm (Calvin and 

Pace, 2016). Kaolinite and muscovite mica both have a water H2O absorption feature at 

1900nm. Figure 6.1 shows an example of kaolinite and muscovite mica spectra from the 

USGS spectral library. 
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Figure 6-1 Kaolinite and muscovite spectra from the USGS spectral library, over the VNIR and SWIR regions. Absolute 

values are not displayed in the Y axis and are instead stacked for ease of visualisation.   

However, unlike the clay minerals, quartz, and k-feldspar do not display distinct absorption 

features in the SWIR wavelengths and instead are found in the TIR. Figure 6.2 shows the 

absorption features of quartz and a type of k-feldspar called orthoclase in the TIR.  

 

Figure 6-2 Orthoclase and quartz spectral signatures from the ASTER spectral library, over the TIR. Absolute values are 

not displayed in the Y axis and are instead stacked for ease of visualisation.   

The absorption features occur in the TIR due to the variable vibration modes of the Si-O 

bonds from these silicate minerals (Guha and Kumar, 2016). For quartz the strongest group 

of reflection peaks known as reststrahlen spectra, produce an M-shaped signature located at 

8150, 8600, and 9330nm (Spitzer and Kleinman, 1961). A secondary reststrahlen is located 

at around 12,550nm (Spitzer and Kleinman, 1961). For alkali feldspars, which include 

orthoclase, distinct spectral features are identified between 9000 - 25000nm. Orthoclase 
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produces reflection in the reststrahlen region at around 10,000nm (Hecker, Van der Meijde 

and Van der Meer, 2010).  

As discussed in section 2.10.3.1.4.1 spectral variability, the variation of a spectral signature 

for a given material, can occur due to illumination changes (Borsoi et al., 2020) and the 

physical properties of the material such as chemical composition (Hao et al., 2020) and grain 

size (Le Bras and Erard, 2003). 

Both multispectral and hyperspectral images have been utilised for mapping minerals in the 

literature (Rowan and Mars, 2003; Heylen, Parente and Gader, 2014). However, it can be 

suggested that hyperspectral data will be the most suitable when unmixing mineral 

endmembers, as hyperspectral data can capture the detailed mineral spectral signatures due 

to collecting data in hundreds of spectral bands, whereas multispectral data is limited by the 

relatively lower spectral resolution provided by typically 4 to 20 bands (Ramakrishnan and 

Bharti, 2015).  

6.2.3 Hyperspectral data 

As previously highlighted, hyperspectral data has higher spectral resolution than 

multispectral data which can make hyperspectral data most suitable for identifying specific 

mineral absorption features. Table 6.1 highlights past, present, and upcoming hyperspectral 

missions for global data collection. The table emphasises the current sparsity of this data 

availability but also the peaking interest in this technology as data management technologies 

and practices now allow its wider usage. 
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Table 6-1 List of past, present, and upcoming hyperspectral missions. 

Name Launch date Spatial 

resolution 

(m) 

Number of 

bands 

Spectral 

range 

(nm) 

Reference 

Hyperion Retired 

2000 

30 196 427-2395 (Folkman et 

al., 2001) 

CHRIS 

PROBA 

Retired 

2001 

25 19 200-1050 (Barnsley et 

al., 2000) 

PRISMA Operational 

2019 

30 240 400-2500 (Loizzo et al., 

2019) 

EnMAP Planned 

(2021-2022) 

30 200 420–2450  (Chabrillat et 

al., 2020) 

SHALOM Planned 

(2021) 

10 275 400-2500 (Feingersh 

and Dor, 

2015) 

CHIME Planned 

(unknown) 

20-30 unknown 400-2500  (Qian, 2021) 

 

At present PRISMA is the only satellite in the operational stage and with an appropriate 

spectral range covering the SWIR region, containing the spectral features of kaolinite and 

muscovite mica (Clark, 1999a; Pontual, Merry and Gamson, 2008). As such it presents itself 

as an ideal platform to model in this study and to present the feasibility of application to 

environmental health. Currently no hyperspectral satellites have been created which contain 

wavelengths in the TIR, hyperspectral TIR data can only be acquired by airborne imagers 

(Udelhoven et al., 2017). However, an upcoming mission from NASA, surface biology and 

geology (SBG), is addressing this gap by creating a sensor to collect hyperspectral VISWIR 

(380-2500nm), multispectral MWIR (3000-5000nm) and TIR (8000-12000nm) imagery 

(Cawse-Nicholson et al., 2021). Due to the restrictions caused by the coronavirus pandemic, 

the ability to travel and implement airborne hyperspectral imagers at the Cameroon study 

site was not feasible to validate modelling, instead satellite sensors were the focus of the 

study. The advantage of satellite sensors over airborne sensors is their spatial coverage, 

temporal repeat, consistency, and long lifetime of continuous repeat. Yet, the advantage of 

airborne sensors is that they usually collect data at a finer spatial resolution than satellite 

sensors and they are more adjustable, for example, the time and location of data acquisition 
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can easily be chosen (Klemas, 2012). Establishing the power of satellite data retrievals of 

this kind will present opportunities for wider scale studies in the future that will enhance 

capabilities of producing maps of health risk. 

From the current satellites PRISMA was selected for investigation in this study. Table 6.2 

describes the PRISMA instrument parameters. 

Table 6-2 PRISMA instrument parameters (PRISMA, 2020). 

Parameter VNIR channel SWIR channel Pan channel 

Spectral range 400-1010 nm 920-2505 nm 400-700 nm 

Spectral resolution ≤ 12 nm ≤ 12 nm - 

Spectral bands  66 171 1 

Swath width 30 km (FOV = 2.45º) 

Spatial resolution  30m 5m 

 

The PRISMA satellite was launched on 22nd March 2019 and has been operational since 

May 2020. 

PRISMA data can be obtained at three levels of pre-processing which include (Guarini et 

al., 2017): 

• Level 0: Raw binary data files including instrument and satellite ancillary data. 

• Level 1: Top-of-atmosphere radiance image, which includes two radiometrically 

calibrated hyperspectral and panchromatic radiance cubes and two co-registered 

HYPER and PAN radiance cubes.  

• Level 2: The level 2 products are divided into:  

o level 2B: Atmospheric correction and geolocation of the level 1 product.  

o Level 2C: Atmospheric correction and geolocation of the level 1 product, 

including aerosol optical thickness and water vapor map. 

o Level 2D: geocoded level 2C data. 

Level 0 products are only available for selected users, level 1 and 2 are generated on demand 

and provided in the Hierarchical Data Format Release 5 (HDF5) format.  

PRISMA data acquisition was scheduled and then acquired for the study site between the 

dates 08.08.20 – 22.01.21, at level 2D, with cloud cover less than 10%. However, only a few 

complete satellite images of the area were collected due to bad weather and geometrical 

infeasibility. The images collected did not cover all soil sample locations, therefore limiting 

the potential size of training and testing data. Several soil sample locations were impacted 

by cloud cover, and many samples collected for this wider study were in locations of dense 

vegetation coverage. A secondary issue identified with the images were that they had 
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geolocation accuracy error of up to 200m and with no suitable ground control points 

available for calibration the images could not be georeferenced to a sufficient accuracy. Due 

to PRISMA being a relatively new satellite, continuous coverage over the study site has not 

been achieved, however this will be overcome in the future as global and continuous 

hyperspectral coverage will be attained. Data availability was very sparse and therefore 

could not be effectively considered without the modelling incorporated in this study. 

Therefore, synthetic data replicating the PRISMA images was utilised as an alternative to 

assess the feasibility for purpose of such data. Synthetic data has been identified as an 

intuitive approach to perform preliminary evaluation of analysis techniques (Vora et al., 

2001). Synthetic data is useful as all details of the synthetic data are known, these details can 

be manipulated individually and precisely so the method performance can be examined, for 

example, the noise level of data can be adjusted to determine how noise levels impact the 

method accuracy. Utilising synthetic data to replicate hyperspectral data is common in 

studies which assess unmixing approaches and is utilised to validate new concepts 

(Ifarraguerri and Chang, 1999; Robinson, Gross and Schott, 2000; Collins, Roberts and 

Borel, 2001; Chang et al., 2002; Stites et al., 2013).  

The details of creation of the synthetic data are discussed in section 6.4.2. 

6.2.4 Endmember selection 

Endmembers are required as an input for spectral unmixing. Endmembers represent the 

spectral signature of a single material and can be extracted from the image using image 

extraction algorithms, alternatively laboratory or field spectra of the materials can be used. 

However, it has been suggested, that extracting endmembers from the remote sensing image 

yields more accurate results than using reference spectra from spectral libraries, as 

endmembers from the image have been acquired under the same atmospheric conditions as 

the image (Molan, Refahi and Tarashti, 2014). Image extraction algorithms are first 

introduced in section 2.10.3.1.1.  

As stated in section 6.2.3, synthetic data was utilised in the study due to the limitations 

highlighted which include incomplete coverage of the study site, cloud coverage, and spatial 

georeferencing accuracy. However, the method will be developed with the intention for the 

application with real hyperspectral data, therefore the method will be based on the 

characteristics of the real PRISMA hyperspectral data acquisitions.  



 

 

155 

 

The mineral mixture in the PRISMA data is nonlinearly mixed and does not contain any pure 

mineral pixels due to the spatial resolution of the sensor and the microscopic nature of the 

minerals in the soil. As highlighted in section 2.10.3.1.1 algorithms which can be used on 

nonlinearly mixed data without the assumption of pure pixels are less common, 

unestablished, and without accurate knowledge of the number of endmembers in the image, 

suitable endmember extraction cannot typically occur (Jiang et al., 2021).  

Therefore, as endmembers could not be accurately extracted from the image and as 

endmembers could not be collected from laboratory samples or from the field due to the 

covid-19 pandemic, an alternative and novel method was devised. The focus of the presented 

work was to investigate an alternative method in the absence of pure endmembers, which 

incorporates the use of mixed endmembers and the XRD mineralogical detail of soil data 

available from field sampling campaigns from the study area.  

6.2.5 Linear unmixing of mixed spectra 

Typically, in unmixing studies the endmembers input into the unmixing models represent a 

pure material and the abundance of those endmembers are predicted in each pixel. However, 

mixed pixels have been incorporated in the training data in image classification studies, 

along with pure pixels (Foody and Arora, 1996; Sun et al., 2015). This approach is 

incorporated here. This study uses the concept from previous studies of using mixed pixels 

in classification studies and applies it to a physics-based unmixing model. For this study, the 

mixed spectra which represent known abundances of minerals are used as inputs into a linear 

unmixing model, instead of the traditionally used pure endmembers. The linear unmixing 

model calculates the proportion of each input pure endmember in the mixed pixels. However, 

in this study the linear unmixing model calculates the proportion of each input mixed spectra 

specimen (representing known mineral abundances), referred to as training data, within 

independent mixed spectra, referred to as the test data.  

The mixed spectra are representative of the real soil constituents identified in the North West 

Cameroon XRD analysis and are created using the USGS spectral libraries and XRD 

abundances derived from in situ field acquisitions. The mixed spectra are constrained by the 

PRISMA bands’ wavelengths. The success of this process is judged by the ability to predict 

mineral abundance through the linear unmixing of the synthetic data (characterising 

PRISMA) using synthetic mixed spectra training data with accurately known mineral 

proportions. This experiment examines the feasibility of this approach, and the feasibility 

with respect to the presence of noisy data and varying vegetation levels, to make 
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recommendations and create pathways for future use when hyperspectral data becomes more 

accessible.   

6.3  STUDY AIM AND OBJECTIVES  

The aim of this chapter is to model and critically assess the potential of hyperspectral satellite 

data to predict specific soil mineral abundances, which have previously been linked to 

podoconiosis in North West Cameroon. The objectives are, firstly, to create synthetic spectra 

representative of real mineral proportions identified in the XRD analysis of Cameroon soil 

samples and for the synthetic data to characterise hyperspectral PRISMA data through band 

constraints. Multiple synthetic datasets will be created with and without white Gaussian 

noise and varying vegetation abundance levels to investigate the suitability of this method 

under varying conditions. Secondly, for each dataset the synthetic spectra will be split into 

groups of training and test spectra. The training spectra will be used as inputs for the linear 

unmixing model to predict the mineral abundance of each test spectrum. Finally, the 

unmixing accuracy will be assessed using correlation coefficient and root mean square error, 

comparing predicted and ground truth mineral abundances and evidencing the potential for 

hyperspectral systems complemented by detailed soil sampling as training data to perform 

environmental health risk mapping.  
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6.4  METHODS  

6.4.1 Data 

6.4.1.1 PRISMA  

PRISMA data was downloaded at the Cameroon study area identified in chapter 3 section 

3.2. Data requests were made using the PRISMA user access site 

http://prisma.asi.it/missionselect/. The spectral characteristics and band quality of the 

PRISMA data were utilised to create the synthetic data. Figure 6.3 shows the four PRISMA 

tiles at the Cameroon study site presented in True Colour format.  

 

 

Figure 6-3 Four PRISMA products downloaded from the PRISMA user access site http://prisma.asi.it/missionselect/ over 

the Cameroon study site. 

 

The product identification for the presented PRISMA products were 

PRS_L2D_STD_20201204095254_20201204095258_0001, 

PRS_L2D_STD_20201204095249_20201204095254_0001, 
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PRS_L2D_STD_20201128094936_20201128094940_0001, and 

PRS_L2D_STD_20201128094940_20201128094944_0001. 

6.4.1.2 Digital elevation model  

Shuttle Radar Topography Mission (SRTM) Digital Elevation Model (DEM) data was 

obtained from the Earth explorer website. Figure 6.4 displays the DEM data at 30m spatial 

resolution.  

 

 

Figure 6-4 Shuttle Radar Topography Mission digital elevation data at the Cameroon study area. 

The DEM data was used in section 6.4.2 to generate slope and aspect values, which were 

used in the angle of incidence equation and the cosine correction equation to model 
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topographical distortions found within the region. This is an essential aspect that must be 

replicated in the synthesised data.  

6.4.1.3 Spectral library  

The USGS spectral library is a reference database which contains reflectance data of 

minerals, mineral mixtures, rock coatings, liquids, frozen volatiles, organic compounds, 

manmade materials, vegetation, and other biological materials. The USGS spectral library 

was utilised in creating the synthetic hyperspectral data.  

The synthetic data was constructed from reference endmembers from the USGS spectral 

library, collected using the Beckman spectrometer. The minerals’ signatures were selected 

to represent those minerals identified in the XRD analysis of the Cameroon soils described 

in section 3.3.1. However, amorphous materials recorded in the XRD analysis, were not 

utilised in creating the synthetic image because the amorphous class in the XRD analysis 

does not represent a singular substance, which can be represented by a spectral signature in 

the USGS library. In addition, the minerals anatase, cristobalite, tridymite, and hydrobiotite 

are not represented in the USGS Spectral library and therefore were not included in the 

creation of the synthetic data. The minerals amphibole, olivine, chromite, ilmenite, and 

smectite were not used as they are negligible constituents of the collected soil samples, due 

to their low or non-detectable abundances in the Cameroon XRD analysis. Muscovite mica 

signature was used to represent mica, as it can be suggested that the majority of the mica 

measured from the XRD is likely to be muscovite mica, due to large areas of granite in the 

study area (Bowen, 1956). Orthoclase was chosen to represent k-feldspar and anorthite to 

represent plagioclase, due to their availability in the USGS library and the lack of evidence 

suggesting which mineral best represents the groups k-feldspar and plagioclase from the 

XRD analysis.  

Figure 6.5 to 6.13 shows the relative reflectance for two endmembers for each mineral type 

used in the creation of the synthetic spectra. The USGS endmembers were spectrally 

resampled to have 234 bands corresponding to the same wavelengths as the PRISMA data.  
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Figure 6-5 USGS quartz relative reflectance endmembers, resampled to 234 bands using the same wavelengths as the 

PRISMA sensor. 

 

 

 

Figure 6-6 USGS anorthite relative reflectance endmembers, resampled to 234 bands using the same wavelengths as the 

PRISMA sensor. 
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Figure 6-7 USGS orthoclase relative reflectance endmembers, resampled to 234 bands using the same wavelengths as 

the PRISMA sensor. 

 

 

 

Figure 6-8 USGS hematite relative reflectance endmembers, resampled to 234 bands using the same wavelengths as the 

PRISMA sensor. 
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Figure 6-9 USGS gibbsite relative reflectance endmembers, resampled to 234 bands using the same wavelengths as the 

PRISMA sensor. 

 

 

 

Figure 6-10 USGS goethite relative reflectance endmembers, resampled to 234 bands using the same wavelengths as the 

PRISMA sensor. 
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Figure 6-11 USGS kaolinite relative reflectance endmembers, resampled to 234 bands using the same wavelengths as the 

PRISMA sensor. 

 

 

 

Figure 6-12 USGS muscovite relative reflectance endmembers, resampled to 234 bands using the same wavelengths as 

the PRISMA sensor. 
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Figure 6-13 USGS vermiculite relative reflectance endmembers, resampled to 234 bands using the same wavelengths as 

the PRISMA sensor. 

Two endmembers were chosen for each mineral from the USGS spectral library. Two 

endmembers for each material were selected as this was the maximum number available in 

the USGS spectral library for the mineral gibbsite and therefore maintained consistency. The 

approach of selecting multiple endmembers for each material is seen in several studies to 

represent spectral variability in synthetic data consistent with the natural variations exhibited 

(Liu and Zhu, 2020; Shi et al., 2021). To enhance the endmember variability to account for 

more widely varying spectra expected in natural settings, the approach by Thouvenin et al. 

(2015) using the component wise product of reference endmembers with randomly drawn 

piece-wise affine functions was applied to the endmembers in Figure 6.5 to 6.13. Figure 6.14 

shows an example of a randomly generated affine function used to generate synthetic 

endmembers. 50 variants were generated this way for each reference endmember used, 

creating 100 variants for each mineral type. 
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Figure 6-14 An example of a randomly-generated affine function used to generate the synthetically perturbed endmembers. 

 

The parameters 𝛏𝐢,  𝐢 ∈ {1,2,3} and 𝐿𝑏𝑟𝑒𝑎𝑘 ∈ {1, … , 𝐿} were generated by: 

Equation 6-1 ξi generation equation. 

𝝃𝒊, ~𝜇
[1−

𝐶𝑣𝑎𝑟
2,1

+
𝐶𝑣𝑎𝑟

2
],

𝑖 ∈ {1,2,3} 

Equation 6-2 L-break generation equation. 

𝐿𝑏𝑟𝑒𝑎𝑘 = [
𝐿

2
+ [

𝐿𝑈

3
]] , 𝑈~𝑁(0,1) 

L is the number of bands, [.] denotes the floor function, 𝐶𝑣𝑎𝑟 is a user selected parameter 

which controls the amplitude of the extreme points in Figure 6.14. Figure 6.15 shows the 

endmembers from Figures 6.5 to 6.13 with 50 variations for each endmember (100 for each 

mineral) created using a randomly generated affine function with a  𝐶𝑣𝑎𝑟 value of 0.1 to 

constrain the variability. A unique affine function has been considered for each variation.  
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A) 

 

B) 

 

C) 

 

D) 

 

E) 

 

F) 

 

G) 

 

H) 

 

I) 

 

Figure 6-15 Shows the endmembers synthesised for each mineral from two USGS endmembers using the randomly-generated affine function with a cvar value of 0.1. A) Quartz, B) 

Plagioclase, C) K-felds, D) Hematite, E) Gibbsite, F) Goethite, G) Kaolinite, H) Mica, I) Vermiculite. 
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The creation of multiple spectral variations of each mineral was carried out to represent the 

spectral variation, which can occur due to variations in particle size or mineral chemical 

composition in nature. 

In addition to the mineral endmembers, vegetation endmembers were also selected for the 

creation of the synthetic data to replicate the vegetation coverage in the Cameroon study 

area. The vegetation type over North West Cameroon includes lowland forest, mountain 

forest, and afro-alpine vegetation (Forbang, Amungwa and Lengha, 2019). The vegetation 

endmember was selected from the USGS library, collected using the Beckman 

spectrophotometer, the same spectrophotometer which collected the mineral signatures. No 

vegetation endmembers available from the USGS library were the equivalent to the species 

found in the North West Cameroon. Therefore, endmembers representing generic broad-

leaved vegetation were selected, which included an aspen leaf endmember and a walnut leaf 

endmember.  

Figure 6.16 shows the reference endmembers for the aspen leaf and walnut leaf, resampled 

to 234 bands, using the same wavelengths as the PRISMA data.  

 

Figure 6-16 The USGS library vegetation endmembers aspen leaf and walnut leaf, resampled to 234 bands, the same as 

the PRISMA data. 

Like the mineral endmembers, variations were created using randomly generated affine 

functions with a 𝐶𝑣𝑎𝑟 value of 0.1. The variation created from the endmembers in Figure 
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6.16 are shown in Figure 6.17. Like the mineral endmembers for each synthesised variation, 

critically it is evident that the key absorption characteristics with respect to wavelength are 

maintained. 

 

Figure 6-17 Shows the endmembers created for vegetation from two USGS endmembers using the randomly-generated 

affine function with a cvar value of 0.1. 

6.4.2 Creating the synthetic data  

Synthetic spectra were created to replicate the real hyperspectral PRISMA data, in regards 

to the band wavelengths. In addition, in situ collected, and then lab derived, mineral 

proportions identified at the study site, were used in the creation of the synthetic data from 

the North West Cameroon XRD analysis. 

Two types of synthetic data were created. One using only mineral endmembers present 

through the XRD soil analysis at the specific location, to represent bare soil, and the other 

with mineral endmembers and vegetation endmembers added, to represent soil with differing 

levels of vegetation coverage.  

Figure 6.18 shows the workflow diagram for creating the mineral mixture synthetic data and 

the mineral mixture with vegetation synthetic data.  
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Figure 6-18 Workflow diagram of the steps taken to produce the synthetic hyperspectral data. 

 

Figure 6.18 shows the workflow of the creation of the synthetic data. This process is 

described in more detail in this section 6.4.2 for the creation of the mineral mixtures by 
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MLM and in section 6.4.2.1 for the mineral mixtures mixed with vegetation endmembers by 

LMM.  

Table 6.3 shows a description and name of the synthetic datasets created by the workflow in 

Figure 6.18. 

Table 6-3 The data description and data name of the synthetic data created following the figure 6.18 workflow. 

Data description Data name 

Bare mineral no noise added  BMNN 

Bare mineral SNR 100  BMSNR100 

Bare mineral + low 

vegetation no noise added  

BMLVNN 

Bare mineral + low 

vegetation SNR 100  

BMLVSNR100 

Bare mineral + medium 

vegetation no noise added  

BMMVNN 

Bare mineral + medium 

vegetation SNR 100  

BMMVSNR100 

Bare mineral + high 

vegetation no noise added  

BMHVNN 

Bare mineral + high 

vegetation SNR 100  

BMHVSNR100 

Bare mineral + very high 

vegetation no noise added  

BMVHVNN 

Bare mineral + very high 

vegetation SNR 100  

BMVHVSNR100 

 

Each synthetic dataset format shown in Table 6.3 has 100 synthetic spectra representing the 

100 soil samples analysed with XRD analysis, introduced in chapter 3 section 3.3.1.  

The XRD analysis data was used to create the abundance values of the minerals being 

represented in the synthetic data. The XRD percentages were recalculated to only include 

those minerals identified in Figures 6.5 to 6.13. Table 6.4 shows the summary statistics of 

the recalculated XRD percentages.  
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Table 6-4 Recalculated XRD summary statistics from a sample size of 100. 

Mineral Mean SD Min Q25 Q50 Q75 Max  

Quartz 28.3 9.5 6.3 22.7 25.7 34.0 66.2 

Plagioclase 

(Anorthite) 

1.5 3.1 0.3 0.4 0.5 0.8 20.1 

K-feldspar 

(orthoclase) 

22.4 14.7 1.5 8.4 23.9 33.6 57.2 

Hematite 1.2 2.1 0.3 0.4 0.5 0.8 14.6 

Gibbsite 7.8 7.4 0.3 1.9 5.1 11.8 33.5 

Goethite 1.4 2.5 0 0.4 0.5 1.2 18 

Kaolinite 31.7 11.9 9.0 21.8 30.7 38.7 63.6 

Mica 

(Muscovite 

mica) 

5.0 3.9 0 3.2 4.4 5.9 28  

Vermiculite 0.6 0.5 0 0.4 0.4 0.6 3 

SD = standard deviation, Q25 =lower quartile, Q50 = median, Q75 = upper quartile. 

Using the 100 recalculated XRD abundance values, and the randomly selected endmembers 

for each mineral, the MLM was used to mix the data. MLM was selected as in mineral 

mixtures the number of spectral interactions can be large and these interactions can be 

modelled using MLM (Heylen and Scheunders, 2015). MLM is introduced in the methods 

chapter section 3.6.2. The process of mixing using MLM is incorporated to simulate the 

spectral combinations present in mineral mixtures. 

For the MLM model, a P probability parameter must be selected for the mixing model. P is 

the probability of undergoing further interactions. When P = 0 the MLM model will be 

reduced to the LMM, inferring that a light ray will only interact with one material before 

reaching the sensor, representing a simple reflection. The higher the P probability value, the 

higher the probability of undergoing further interactions. Values for P of 1 or larger are 

mathematically impossible as they will lead to singularities. It has been suggested that 

intimate mixtures will have high probability value (Heylen and Scheunders, 2015), but it is 

not known which P probability value will best represent the mixing of minerals found in the 

PRISMA image. Heylen and Scheunders (2015) suggested that for intimate mixtures a P 

probability value close to 1 would be required for MLM unmixing, they suggested that P 
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probability values from 0.85 to 0.95 for potentially representing intimate mixtures and so 

this is assumed here. Heylen and Scheunders (2015) used the MLM unmixing model on an 

intimate mineral mixture of quartz and alunite collected from the RELAB spectral database. 

From the MLM unmixing of the quartz and alunite mixtures the highest optimal P probability 

value was 0.88 (Heylen and Scheunders, 2015). From this information for each of the 100 

spectra a random probability value between 0.85 to 0.95 was selected to represent the high 

interactions of the mineral mixture.  

Noise was added to the synthetic data to imitate the imperfections existing in remotely 

sensed hyperspectral data. The PRISMA product specification states that the SNR for the 

VNIR wavelengths is >200:1 and for the SWIR wavelengths is >100:1 (PRISMA, 2020). 

However, it is likely that the SNR value will differ from those stated in the product 

specification. Additive white Gaussian noise was added to the data using the AWGN 

MATLAB function. This ensures that the resulting signal will have an SNR as specified. In 

practice SNR may vary along the bands, the addition of noise in this study is a simplification. 

An SNR of 100 was added to represent noise level suggested by the PRISMA product 

specification. Also, for a comparison the analysis was carried out on data with no white 

Gaussian noise added, to determine the impact of additive noise.  

In addition to the spectral variation, modelled by the randomly drawn piece-wise affine 

functions for the two USGS endmembers for each mineral, illumination variation caused by 

topographic variation was also considered. Topographic variation can lead to spectral 

variation between pixels which have the same surface cover type but have different 

topographic features (Ma et al., 2020), this is due to illumination differences. For example, 

the same surface cover oriented towards the sun will appear brighter than those oriented 

away from the sun. The study site has variable terrain and therefore variable illumination; 

thus, it is important to consider this when creating synthetic data. The cosine correction 

method was selected and rearranged to add spectral intensity variation to the synthetic data. 

The cosine correction uses a Lambertian assumption, which means data will only be 

corrected for difference in illumination caused by orientation of the surface (Teillet, Guindon 

and Goodenough, 1982), although this is unlikely to be appropriate in the real PRISMA 

images it is a necessary assumption for modelling approaches. The cosine method is the only 

topographic correction method which does not require external parameters, alternative 

topographic correction methods such as Minnaert constant (Minnaert, 1941), C-correction, 

and statistical-Empirical (Teillet, Guindon and Goodenough, 1982) require external 

parameters such as the topographically uncorrected reflectance data. The addition of 



 

 

173 

 

topographic variation through the rearrangement of the cosine correction method may not 

be veritable to the illumination variations in the real PRISMA images, however, the 

topographic variation added will simulate how spectral intensity variation could impact 

unmixing using mixed endmembers.  

The incidence angle is required for the cosine correction method and is calculated using the 

equation: 

Equation 6-3 Incidence angle. 
 

𝑐𝑜𝑠 𝑖 = 𝑐𝑜𝑠𝜃 𝑐𝑜𝑠𝛼 + 𝑠𝑖𝑛𝜃𝑠𝑖𝑛𝛼 𝑐𝑜𝑠(𝜑 − 𝐴) 

Where 𝑖 is the incident angle, 𝜃 is the solar zenith angle, 𝛼 is the slope angle, 𝜑 is the solar 

azimuth and 𝐴 is the slope direction (aspect). The required parameters are related to both the 

acquisition geometry of the sensor and landscape.  

The DEM in Figure 6.4 from SRTM at 30m resolution was used to calculate aspect and the 

slope angle at each soil sample location. Using the collection time of the PRISMA image, 

which covers the specific soil sample and the coordinates of each sample site, the solar zenith 

angle and azimuth was calculated using https://gml.noaa.gov/grad/antuv/SolarCalc.jsp. For 

those soil samples which were not covered by a PRISMA image the nearest proximity 

PRISMA image collection time was utilised to ensure consistency. 

The cosine equation is:  

Equation 6-4 Cosine equation. 

𝐿𝐻 = 𝐿 
𝑐𝑜𝑠𝜃

𝑐𝑜𝑠 𝑖
 

Where 𝐿𝐻 is the corrected reflectance and L is the observed (uncorrected) reflectance.  

The cosine equation was rearranged: 

Equation 6-5 Rearanged cosine equation. 

𝐿 =
𝐿𝐻 ∗ cos 𝑖

cos 𝜃
 

The rearranged cosine equation was applied to the synthetic data. 

The synthetic data created using the methods above, assumes that the study area is just bare 

soil minerals and is not impacted by any other landcovers. 
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6.4.2.1 Creating synthetic data with vegetation 

From observing the real PRISMA images of the Cameroon study area the image is impacted 

in places by dense vegetation. To understand the potential effect of vegetation coverage on 

remote sensing minerals, vegetation was added to the mixed mineral spectra. Vegetation 

abundance was added at different levels to the mixed mineral spectra, to determine how 

different levels of vegetation abundance will impact mineral prediction accuracy. The 

spectra with vegetation at a low level had a vegetation abundance level randomly selected 

for each of the 100 spectra between 0 to 24.9%, for medium between 25 to 49.9%, for high 

between 50 to 74.9%, and for very high between 75 to 100%.  

One vegetation endmember was randomly selected from Figure 6.17 for each of the 100 

mineral mixed spectra. The mineral mixture creation steps in section 6.4.2 were used to 

create the synthetic mineral mixtures but no noise or topographic variation added at this 

stage. The mineral mixtures and the vegetation endmembers were linearly mixed using the 

different levels of abundances for vegetation. Two datasets were created one with no noise 

added and the other with added white Gaussian noise to make the SNR 100. The datasets 

had the topographic variability added as described in section 6.4.2. 

LMM is introduced in detail in chapter 3, section 3.6.1. LMM was selected as it is utilised 

in unmixing macroscopic objects such as landcover types (Bioucas-Dias et al., 2012) and 

therefore it can be suggested as appropriate in the mixing of vegetation and mixed mineral 

endmembers, which represent bare soil.  

Figure 6.19 shows the mineral mixture which was mixed using MLM and the labelled 

abundance values. The mineral mixture + vegetation spectrum is the signature created when 

using the LMM to mix the vegetation endmember with the mineral mixture spectrum. 
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Figure 6-19 Shows an example of the outcome of the mineral mixture signature (mineral endmembers mixed with MLM), 

which represents a combination of minerals, mixed with a vegetation spectral signature using LMM (Mineral mixture 

+Vegetation). 

 

For most real hyperspectral data analysis removing bands is a necessity. By visual inspection 

of the 234 bands, bands were removed where compromised, Table 6.5 lists the wavelengths 

of the removed bands of the PRISMA data and the reason why.  

Table 6-5 Removed band list, number of bands removed, and reason why. 

Removed bands (nm) Number of bands  Reason  

402-485 12 Poor quality 

942 – 969 4 Overlap region 

1349 -1448 10 Water vapor region  

1803-1958 18 Water vapor region 

2442-2496 9 Poor quality 

 

A total of 53 bands were removed. These included the bands in the VNIR region 402-485nm, 

and in the SWIR region 942 – 969nm, 1349 -1448nm, 1803-1958nm, and 2442-2496nm. 

Bands around the 900nm indicates VNIR-SWIR bands overlapping (Heller Pearlshtien et 

al., 2021), those in the VNIR region were retained. Bands of similar wavelengths in the blue 

visible region and the upper limit of the SWIR range were removed in a recent PRISMA 
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study, due to poor quality (Verrelst et al., 2021). In this study poor quality refers to high 

amounts of missing data in the image at those wavelengths. The bands which occur around 

the 1400 and 1900nm represent the water vapor regions, in which water vapor absorbs much 

of the incident solar radiation (Kremezi et al., 2021). 181 bands remained following this 

filtering process.  

6.4.3 Spectral pre-processing 

In the real PRISMA image the spectral variability can be impacted by effects of atmospheric 

conditions, illumination variation, grain size variations, and chemical composition (Borsoi 

et al., 2020). Atmospheric corrections are applied to the PRISMA data as part of typical pre-

processing standards and are not considered as impacting the synthetic data in this analysis, 

assuming correction has been applied. However, the variations caused by illumination 

variations and the physical properties of the minerals need to be considered. Illumination 

variations were represented in the synthetic data via the rearrangement of the topographic 

correction cosine method. The potential spectral variations caused by chemical composition 

and grain size variations were represented using Thouvenin et al. (2015) randomly generated 

affine function process. 

A pre-processing method was applied to the datasets created in section 6.4.2 in the attempt 

to reduce the effects of spectral variability and to enhance diagnostic absorption features.  

Continuum removal (CR) has been utilised as a pre-processing normalisation method which 

creates new spectral data by dividing the envelope curve of a continuum on raw reflectance 

data (Clark and Roush, 1984). Yan et al. (2010) used CR on mixed pixels to reduce the 

variation of spectral intensity caused by grainsize variation. Furthermore, CR has been 

identified as eliminating the effects of topography and illumination on an image (Zhao and 

Zhao, 2019) (Yan et al., 2010). In addition, CR preserves and enhances the diagnostic 

absorption features (Xie et al., 2016).  

CR works by fitting a convex hull to each spectrum and calculating the deviations from the 

hull. The continuum is a convex hull fitted over the top of the spectrum, as seen in Figure 

6.20, by using straight line segments that connect local spectra maxima.  
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Figure 6-20 Shows a reflectance spectrum and a fitted convex hull. 

The continuum is then removed by dividing the reflectance values of the spectra by the 

reflectance level of the convex hull, seen in Figure 6.21.  

 

Figure 6-21 The continuum removed spectra, calculated by dividing the reflectance values of spectrum by the reflectance 

level of the convex hull. 

 

The removal of the continuum eliminates the overall curvature of the spectrum and 

normalises it. The CR values range from 0 to 1. The first and last bands in the reflectance 

spectrum are always the local maxima for the continuum and become the value 1 when 

continuum is removed. 

Figure 6.22 shows how the slope of the continuum can impact an absorption feature. 
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Figure 6-22 Effect of sloping continuum on apparent position and slope of absorption feature (Gupta, 2018). 

 

The slope of the continuum can impact the reflectance local minimum position and depth as 

seen in Figure 6.22, highlighting how useful CR can be.  

CR was applied to all the datasets described in Table 6.3. Malone et al. (2021) highlight that 

CR does not always work as intended if applied to the whole spectral range, due to an issue 

with defining hull points. Instead, it is recommended that when using CR, it is applied to 

discrete regions of the spectrum which contain the diagnostic features of the materials 

(Malone et al., 2021). In this study CR was applied between the bands 2000- 2400nm (52 

bands), this was to capture the absorption features of the mineral’s muscovite mica and 

kaolinite. The R function ‘continuumRemoval’ was employed for carrying out CR.  
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However, as a smaller number of bands is utilised in the CR, compared to the reflectance 

data, it could be suggested that this band reduction may impact the mineral prediction 

outcomes. Therefore, an additional analysis was carried out on the reflectance data with no 

noise added using the same bands (2000-2400nm) as the CR data for comparison. 

6.4.4 Linear unmixing 

The synthetic data created in section 6.4.2 replicates the PRISMA sensor band wavelengths, 

utilises real XRD data, and includes spectral variability, and will be utilised in this section. 

This section will explore an unmixing method which does not require pure endmembers to 

predict the abundance of individual minerals in a mixed spectrum. The LMM is described in 

the methods chapter section 3.6.1. In summary the method described in this section uses 

mixed spectra, which represent a combination of known mineral abundances, as inputs in a 

linear unmixing model.  

The 100 synthetic spectra for each dataset were split into training spectra and test spectra, 

80% and 20% respectively. This was repeated 5 times, creating 5 different sets of training 

and test spectra. Each of the 5 test spectra sets did not contain the same spectra to each other. 

The following method is carried out on the five different sets of training and test spectra.  

The 80 training spectra were used as inputs into the linear unmixing model, and the model 

determines the relative contribution from each training spectra for every test spectrum. 

Essentially indicating the quality of fit of each training spectrum with that of the test 

spectrum. In previous published studies using spectral unmixing the input endmembers are 

pure endmembers representing a single material and therefore, the linear unmixing output 

fractional abundance directly relates to how much of the material is predicted in the test 

spectrum. However, for this study the linear unmixing output fractional abundance for each 

training spectrum does not represent a single material, instead represents a mixture of 

specific abundance values for each mineral derived from the in-situ soil sampling and 

subsequent lab analyses. Therefore, the linear unmixing fractional abundance value for each 

training spectra is multiplied by the mineral abundance values, which the specific training 

spectrum represents. For each mineral, these values are summed together and represent the 

predicted mineral abundance for that test spectrum. Figure 6.23 displays how the linear 

unmixing fractional abundance of the training spectra is converted into the predicted mineral 

abundance of the test spectrum for the mixed mineral synthetic data. This example uses only 

five training spectra for simplicity of demonstration. 
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Figure 6-23 Diagram showing the steps to calculate the predicted mineral abundance using the fractional abundance 

values from the linear unmixing of the test spectrum. 



 

 

181 

 

The process in Figure 6.23 is repeated for the 20 test spectra using the 80 training spectra as 

inputs. This is then repeated 4 more times using the other sets of training and test data. This 

results in 100 predicted mineral abundances and their corresponding known abundances.  

For the synthetic mixed mineral data, when mixed with a vegetation endmember a slightly 

different calculation is carried out. This is to take into account the amount of vegetation of 

each spectrum. Firstly, the known abundance of the individual minerals for each training 

spectra is multiplied by the abundance of the mineral mixture in the spectra.  

Table 6.6 shows an example of this recalculation of the mineral abundances for five training 

spectra.  

Table 6-6 Highlights how the mineral mixture abundance value is multiplied by the known mineral abundances to create 

the recalculated mineral abundances which consider the vegetation abundance of each training spectra. 

Training spectra number 1 2 3 4 5 

Vegetation abundance 0.30 0.49 0.41 0.50 0.43 

Mineral mixture abundance 0.70 0.51 0.59 0.50 0.57 

      

Quartz Abundance 32.2 37.9 22.1 25.1 27.0 

Plagioclase abundance 0.4 3.9 0.4 0.5 0.5 

K-feldspar abundance 28.6 16.5 25.1 7.4 11.2 

Hematite abundance 0.4 0.5 0.4 0.5 0.5 

Gibbsite abundance  13.2 5.4 18.0 22.7 10.4 

Goethite abundance  0.4 0.5 0.4 1.1 0.5 

Kaolinite abundance  20.2 27.6 28.0 38.2 45.5 

Mica abundance  4.1 7.3 5.1 4.2 3.9 

Vermiculite abundance  0.4 0.5 0.4 0.5 0.5 

      

Recalculated Quartz Abundance 22.5 19.3 13.0 12.5 15.4 

Recalculated Plagioclase abundance 0.3 2.0 0.2 0.2 0.3 

Recalculated K-feldspar abundance 20.1 8.4 14.8 3.7 6.4 

Recalculated Hematite abundance  0.3 0.2 0.2 0.2 0.3 

Recalculated Gibbsite abundance   9.3 2.8 10.6 11.3 5.9 

Recalculated Goethite abundance   0.3 0.2 0.2 0.6 0.3 

Recalculated Kaolinite abundance  14.1 14.1 16.5 19.1 25.9 

Recalculated Mica abundance 2.8 3.7 3.0 2.1 2.2 

Recalculated Vermiculite abundance 0.3 0.2 0.2 0.2 0.3 

 

Next, the fractional abundance outcomes of the linear unmixing model of each training 

spectra were multiplied by their corresponding recalculated mineral abundance. These 
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values are summed together for each mineral. For comparisons with the known test spectrum 

mineral abundances, these mineral values were divided by their total and multiplied by 100.  

Figure 6.24 displays how the linear unmixing fractional abundance of the training spectra is 

converted into the predicted mineral abundance of the test spectrum, for the mixed mineral 

and vegetation synthetic data. This example uses five training endmembers for simplicity. 
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Figure 6-24 Diagram showing the steps to calculate the predicted mineral abundance using the fractional abundance 

values from the linear unmixing of the test spectrum, specifically for the synthetic data with vegetation coverage. 

 

The process in Figure 6.24 is repeated for the 20 test spectra using the 80 training spectra as 

inputs. This is then repeated 4 more times using the other sets of training and test data. This 

resulted in 100 predicted mineral abundances and their corresponding known abundances.  
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6.4.5 Unmixing accuracy analysis  

To measure the accuracy of the unmixing method root mean square error (RMSE) and 

correlation coefficient were analysed to examine the unmixed abundance predictions from 

the use of mixed endmembers in relation to the initial mixed constituents. RMSE and 

correlation are explained in detail in chapter 3 section 3.4.2.4 and 3.4.4.1 respectively. The 

RMSE and correlation coefficients are calculated from the 100 test spectra from their 

predicted mineral abundances and their known mineral abundances. For each synthetic 

dataset, and for each mineral the RMSE and correlation analysis was calculated.  

6.5  RESULTS  

The LMM unmixing was carried out on the reflectance values of each dataset identified in 

Table 6.3. In addition, LMM unmixing was carried out on the continuum removed values of 

each dataset in Table 6.3. 

6.5.1 Reflectance data  

The outcomes of the unmixing of data with no white Gaussian noise added and data with an 

SNR of 100 were compared, alongside the different level of vegetation abundances, using 

the reflectance data.  

Figures 6.25 to 6.34 show the RMSE and correlation coefficients for the reflectance data.  
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Figure 6-25 RMSE and correlation coefficient for each mineral, carried out on reflectance synthetic data with no white 

Gaussian noise added and no vegetation. A) Quartz, B) Plagioclase, C) K-felds, D) Hematite, E) Gibbsite, F) Goethite, G) 

Kaolinite, H) Mica, I) Vermiculite. 



 

 

186 

 

 

Figure 6-26 RMSE and correlation coefficient for each mineral, carried out on reflectance synthetic data with a SNR of 

100 and no vegetation. A) Quartz, B) Plagioclase, C) K-felds, D) Hematite, E) Gibbsite, F) Goethite, G) Kaolinite, H) 

Mica, I) Vermiculite. 
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Figure 6-27 RMSE and correlation coefficient for each mineral, carried out on reflectance synthetic data with no white 

Gaussian noise added and low-level vegetation coverage. A) Quartz, B) Plagioclase, C) K-felds, D) Hematite, E) 

Gibbsite, F) Goethite, G) Kaolinite, H) Mica, I) Vermiculite. 
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Figure 6-28 RMSE and correlation coefficient for each mineral, carried out on reflectance synthetic data with a SNR of 

100 and low-level vegetation coverage. A) Quartz, B) Plagioclase, C) K-felds, D) Hematite, E) Gibbsite, F) Goethite, G) 

Kaolinite, H) Mica, I) Vermiculite. 

 



 

 

189 

 

 

Figure 6-29 RMSE and correlation coefficient for each mineral, carried out on reflectance synthetic data with no white 

Gaussian noise added and medium- level vegetation coverage. A) Quartz, B) Plagioclase, C) K-felds, D) Hematite, E) 

Gibbsite, F) Goethite, G) Kaolinite, H) Mica, I) Vermiculite. 

 



 

 

190 

 

 

Figure 6-30 RMSE and correlation coefficient for each mineral, carried out on reflectance synthetic data with a SNR of 

100 and medium-level vegetation coverage. A) Quartz, B) Plagioclase, C) K-felds, D) Hematite, E) Gibbsite, F) Goethite, 

G) Kaolinite, H) Mica, I) Vermiculite. 
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Figure 6-31 RMSE and correlation coefficient for each mineral, carried out on reflectance synthetic data with no white 

Gaussian noise added and high-level vegetation coverage. A) Quartz, B) Plagioclase, C) K-felds, D) Hematite, E) 

Gibbsite, F) Goethite, G) Kaolinite, H) Mica, I) Vermiculite. 
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Figure 6-32 RMSE and correlation coefficient for each mineral, carried out on reflectance synthetic data with a SNR of 

100 and high-level vegetation coverage. A) Quartz, B) Plagioclase, C) K-felds, D) Hematite, E) Gibbsite, F) Goethite, G) 

Kaolinite, H) Mica, I) Vermiculite. 
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Figure 6-33 RMSE and correlation coefficient for each mineral, carried out on reflectance synthetic data with no white 

Gaussian noise added and very high-level vegetation coverage. A) Quartz, B) Plagioclase, C) K-felds, D) Hematite, E) 

Gibbsite, F) Goethite, G) Kaolinite, H) Mica, I) Vermiculite. 
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Figure 6-34 RMSE and correlation coefficient for each mineral, carried out on reflectance synthetic data with a SNR of 

100 and very high-level vegetation coverage. A) Quartz, B) Plagioclase, C) K-felds, D) Hematite, E) Gibbsite, F) 

Goethite, G) Kaolinite, H) Mica, I) Vermiculite. 

Figures 6.25 to 6.34 show the prediction outcome for each mineral using the synthetic 

reflectance data in each of the modelled vegetation coverage and signal to noise ratio 

scenarios.  

The result section focuses on the four minerals associated with podoconiosis. For the mineral 

kaolinite it can be identified that the data with no noise added performed better than the data 

with an SNR of 100, for all vegetation levels. However, there is no clear relationship between 

the levels of vegetation and the prediction accuracy of kaolinite for both the data without 

noise and the data with SNR 100. Yet, it can be identified that data with the very high 

vegetation level produced poorer prediction accuracy for kaolinite for both the data without 

noise and the data with an SNR of 100. This is an entirely expected, but nevertheless still a 

highly interesting outcome given the consistent significant correlation presented for each 

scenario. 
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For the mineral quartz, the analysis carried out on the reflectance data with no noise added 

and the data with a SNR 100 produced prediction outcomes with no clear relationship with 

the amount of vegetation. In addition, there is no clear reduction in accuracy when the data 

with no noise is unmixed in comparison to the data with SNR 100, for the mineral quartz.  

For the mineral potassium feldspar, the analysis on the data with no noise added, produces 

the best prediction accuracy for the data with no vegetation and the least favourable 

prediction outcome on the data with very high vegetation coverage. However, for the 

analysis on the data with 100 SNR the best prediction accuracy for potassium feldspar is on 

the data with low vegetation coverage and not the data with no vegetation coverage which 

might be expected. Yet the data with SNR 100 and very high vegetation coverage does 

produce the worse prediction outcome for potassium feldspar. 

For the mineral muscovite mica, the analysis carried out on the data with no noise and no 

vegetation produced the best prediction outcome. When the analysis was carried out on the 

data with no noise and with vegetation coverage the correlation coefficient for muscovite 

mica became insignificant. The analysis carried out on the data with SNR 100 did not 

produce any positive significant correlation coefficients for the mineral muscovite mica and 

there was no relationship between the amount of vegetation coverage and prediction 

accuracy.  

6.5.2 Continuum removed data outcome 

The outcomes of the unmixing of data with no white Gaussian noise added and data with an 

SNR of 100 were compared, alongside the different level of vegetation abundances, using 

the continuum removed data. 

Figures 6.35 to 6.44 show the RMSE, and correlation coefficients of the continuum removed 

data. 
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Figure 6-35 RMSE and correlation coefficient for each mineral, carried out on continuum removed synthetic data with no 

white Gaussian noise added and no vegetation. A) Quartz, B) Plagioclase, C) K-felds, D) Hematite, E) Gibbsite, F) 

Goethite, G) Kaolinite, H) Mica, I) Vermiculite. 
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Figure 6-36 RMSE and correlation coefficient for each mineral, carried out on continuum removed synthetic data with a 

SNR of 100 and no vegetation. A) Quartz, B) Plagioclase, C) K-felds, D) Hematite, E) Gibbsite, F) Goethite, G) 

Kaolinite, H) Mica, I) Vermiculite. 
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Figure 6-37 RMSE and correlation coefficient for each mineral, carried out on continuum removed synthetic data with no 

white Gaussian noise added and low-level vegetation coverage. A) Quartz, B) Plagioclase, C) K-felds, D) Hematite, E) 

Gibbsite, F) Goethite, G) Kaolinite, H) Mica, I) Vermiculite. 
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Figure 6-38 RMSE and correlation coefficient for each mineral, carried out on continuum removed synthetic data with a 

SNR of 100 and low-level vegetation coverage. A) Quartz, B) Plagioclase, C) K-felds, D) Hematite, E) Gibbsite, F) 

Goethite, G) Kaolinite, H) Mica, I) Vermiculite. 
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Figure 6-39 RMSE and correlation coefficient for each mineral, carried out on continuum removed synthetic data with 

no white Gaussian noise added and medium-level vegetation coverage. A) Quartz, B) Plagioclase, C) K-felds, D) 

Hematite, E) Gibbsite, F) Goethite, G) Kaolinite, H) Mica, I) Vermiculite. 
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Figure 6-40 RMSE and correlation coefficient for each mineral, carried out on continuum removed synthetic data with a 

SNR of 100 and medium-level vegetation coverage. A) Quartz, B) Plagioclase, C) K-felds, D) Hematite, E) Gibbsite, F) 

Goethite, G) Kaolinite, H) Mica, I) Vermiculite. 
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Figure 6-41 RMSE and correlation coefficient for each mineral, carried out on continuum removed synthetic data with 

no white Gaussian noise added and high-level vegetation coverage. A) Quartz, B) Plagioclase, C) K-felds, D) Hematite, 

E) Gibbsite, F) Goethite, G) Kaolinite, H) Mica, I) Vermiculite. 
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Figure 6-42 RMSE and correlation coefficient for each mineral, carried out on continuum removed synthetic data with a 

SNR of 100 and high-level vegetation coverage. A) Quartz, B) Plagioclase, C) K-felds, D) Hematite, E) Gibbsite, F) 

Goethite, G) Kaolinite, H) Mica, I) Vermiculite.  
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Figure 6-43 RMSE and correlation coefficient for each mineral, carried out on continuum removed synthetic data with 

no white Gaussian noise added and very high-level vegetation coverage. A) Quartz, B) Plagioclase, C) K-felds, D) 

Hematite, E) Gibbsite, F) Goethite, G) Kaolinite, H) Mica, I) Vermiculite. 
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Figure 6-44 RMSE and correlation coefficient for each mineral, carried out on continuum removed synthetic data with a 

SNR of 100 and very high-level vegetation coverage. A) Quartz, B) Plagioclase, C) K-felds, D) Hematite, E) Gibbsite, F) 

Goethite, G) Kaolinite, H) Mica, I) Vermiculite.   

Figures 6.35 to 6.44 show the prediction outcome for each mineral using the synthetic 

continuum removed data. 

The unmixing on the continuum removed data with no added Gaussian noise for each 

podoconiosis associated mineral produced better prediction outcomes than the reflectance 

data with no added Gaussian noise, at all vegetation levels. For the continuum removed data 

with no noise, for all the podoconiosis associated minerals, the prediction outcomes were 

better for the data with no vegetation and worse in the data with very high vegetation.  

The analysis on the continuum removed data with SNR 100 for each podoconiosis associated 

mineral produced poorer outcomes than the reflectance data alone with SNR 100. This 

suggests that the continuum removal of data with an SNR of 100 does not improve the 

prediction accuracy of the podoconiosis associated minerals. In addition, there was no clear 

relationship between the prediction accuracy of the podoconiosis associated minerals and 

the amount of vegetation on the CR data with SNR 100.   
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6.5.3 Additional analysis reflectance data with band wavelengths 2000-2400nm 

To determine the potential impact that band reduction of the continuum removed data may 

have on the unmixing accuracy, the analysis was carried out on reflectance data with no 

noise added on the bands 2000-2400nm. Figure 6.45 shows the RMSE and correlation values 

of the reflectance data from 2000-2400m. 

 

 

Figure 6-45 RMSE and correlation coefficient for each mineral, carried out on reflectance 2000-2400nm synthetic data 

with no white Gaussian noise added and no vegetation coverage. A) Quartz, B) Plagioclase, C) K-felds, D) Hematite, E) 

Gibbsite, F) Goethite, G) Kaolinite, H) Mica, I) Vermiculite.  

From Figure 6.45, the analysis of the reflectance data from 2000-2400nm with no added 

noise produced better prediction accuracy for the podoconiosis associated minerals, quartz, 

kaolinite, and muscovite mica, than the reflectance data in Figure 6.25, which contained 

bands from 490-2440nm. However, the continuum removed data with no noise, in Figure 

6.35 produced better unmixing accuracy for the podoconiosis associated minerals, than those 

in Figure 6.45.  
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6.6  DISCUSSION  

6.6.1 Data noise impact 

6.6.1.1 Data noise impact on reflectance values and retrieved abundance 

The analysis was carried out on the synthetic data with no white Gaussian noise added and 

on synthetic data with a SNR of 100 to represent the potential noise levels which could occur 

in the PRISMA hyperspectral images according to system specifications. This section will 

discuss the impact of noise on the analysis. 

In this study the analysis of the reflectance data, with no noise and no vegetation coverage 

produced better prediction outcomes for the podoconiosis minerals, k-feldspar, muscovite 

mica, and kaolinite, than the analysis carried out on the data with SNR 100. This is 

unsurprising as it is likely the addition of noise may obscure diagnostic absorption features. 

This has been identified in previous hyperspectral unmixing studies in which higher noise 

levels in the data produced higher RMSE values (Rogge et al., 2006; Koirala et al., 2019). 

However, the outcomes for the mineral quartz, did not show the noiseless data as optimum 

compared to the SNR 100 data. This is likely to occur as quartz does not have any diagnostic 

absorption features in the VNIR/SWIR region and therefore, regardless of noise quartz 

prediction is poor due to the complexity in separating the spectral response. This is also true 

when comparing the prediction outcome of quartz from the analysis of SNR 100 data and 

the data with no added noise at different vegetation levels. Yet, with this reasoning it could 

be expected that the podoconiosis associated mineral k-feldspar would also be poor as it has 

no diagnostic absorption features in the VNIR/SWIR region. Still, k-feldspar has relatively 

strong correlation coefficients, this is likely due to the strong correlation between k-feldspar 

abundance and kaolinite abundance in the XRD analysis. 

Kaolinite unsurprisingly has better prediction accuracy on the data without noise, this is seen 

across all vegetation levels. This reduction in accuracy is likely to occur as the noise may 

mask kaolinite diagnostic absorption features. However, the prediction of kaolinite was still 

relatively strong when the analysis is carried out on the data with SNR 100. This could be 

due to kaolinite’s distinct and relatively deep doublet around 2200nm which remains 

distinguishable within the noise.  

Muscovite mica has diagnostic absorption features, yet it is predicted poorly using the data 

with and without noise added. This could be as muscovite mica absorption feature at 2200nm 

is shared with kaolinite and goethite. Previous studies have identified this and suggest it 
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difficult to differentiate between kaolinite and muscovite mica in unmixing (Fereydooni et 

al., 2020). In addition, muscovite mica could be predicted poorly due to the lower 

abundances and therefore the muscovite mica spectral signature will contribute less to the 

mixed spectral signature. There are occasions in the muscovite mica prediction outcomes 

when the analysis on the data with SNR 100 produce better outcomes than the data with no 

noise. For example, analysis on the data with vegetation at high and very high levels, have 

lower RMSE for the data with SNR 100 compared to the data with no added noise. This 

could occur due to the random nature of the Gaussian noise, and additionally the impact of 

the varying vegetation signals, which could at times have a positive influence on the 

prediction outcome. This effect could also be impacting the k-feldspar prediction outcome, 

as analysis on the data with low level vegetation with SNR 100 performs slightly better than 

the analysis on the data with low level vegetation with no noise added.  

6.6.1.2 Data noise impact relating to continuum removal (CR) 

In previous studies CR is applied to datasets for several reasons such as removing 

topographic variation (Zhao and Zhao, 2019), enhancing diagnostic features (Xie et al., 

2016), and reducing spectral variation caused by grain size (Yan et al., 2010). 

For the analysis on the datasets with no Gaussian noise, the continuum removed data 

produced better prediction outcomes for all the podoconiosis associated minerals than the 

reflectance data alone with no noise, for all vegetation levels, except for the mineral quartz 

on the data with very high vegetation level. Continuum removed data is suggested to improve 

unmixing due to enhancing diagnostic features, however, as quartz does not have any 

diagnostic absorption features this does not explain the improvement of prediction outcome 

for mineral quartz on the continuum removed data. Quartz prediction improvement of the 

continuum removed data is likely as an indirect consequence of the increase in prediction 

accuracy of other minerals. However, it was identified that CR applied to data with SNR 

100, resulted in worse prediction accuracy for the podoconiosis associated minerals in 

comparison to the reflectance data. Van Der Meer (2000) identified that the method cross 

correlogram spectral matching (CCSM) applied to continuum removed data, enhanced 

absorption features but also enhanced noise. This is likely to be occurring when CR is applied 

to the SNR 100 data, it can be suggested that the data is too noisy that the features are not 

being enhanced, instead noise is enhanced. It can therefore be advised that analysis carried 

out on continuum removed data with high noise levels, is not suitable. This then has clear 

impact on future hyperspectral systems and their acceptable noise thresholds for conducting 

mineral analysis. 



 

 

209 

 

6.6.2 Vegetation impact 

6.6.2.1 Vegetation impact on reflectance values and retrieved abundances 

Different levels of vegetation abundance were mixed with the mineral mixture data to 

investigate the impact of vegetation coverage on mineral prediction outcome. From the 

literature it can be expected that vegetation will impact the spectral signature of mineral 

absorption features and therefore unmixing accuracy (Siegal and Goetz, 1977; Ager and 

Milton, 1987; Murphy and Wadge, 1994; Murphy, 1995). The spectral region from 680-

1300nm of the soils has been suggested to be most affected by green vegetation due to steep 

reflectance rise known as red edge (Ammer et al., 1991), whereas beyond 1400nm due to 

low reflectance in the vegetation, that when soil-vegetation mixtures exist the spectral 

information relates mostly to the soil material and rocks (Siegal and Goetz, 1977), but only 

if a sufficient signal is returned to the sensor. Dry or dead vegetation does not alter the 

spectrum at the spectral region from 630-1300nm, except for changing the albedo, due to the 

absence of chlorophyll features and red edge (Ben-Dor, Irons and Epema, 1999). The impact 

of occluding light from interacting with the soil is not fully represented in this modelling and 

may have more extreme impacts than presented at high vegetation coverage levels, 

particularly when large areas of the pixel are densely populated by canopy and therefore 

occlude all ground returns. 

It can be suggested that the SWIR region is most important for predicting the podoconiosis 

associated minerals as it contains the absorption features around 2200nm which is diagnostic 

of ALOH group minerals (Clark et al., 1990), which can be identified in kaolinite and 

muscovite mica. It has been identified that the existence of green and/or dry vegetation can 

affect the maximum absorption depth, absorption width, position and asymmetry of the 

mineral spectrum (Siegal and Goetz, 1977). Murphy (1995) identified that dead vegetation 

can shift the wavelength position of the feature minima, recognising the feature at 2200nm 

was particularly sensitive to the effect of dead vegetation. The effect of dead vegetation on 

the SWIR spectrum is due to two broad features centred at 2129nm and 2278nm, which are 

caused by lingo-cellulose absorption (Elvidge, 1990). The direction and magnitude of the 

shift is related to wavelength position of the mineral feature and deeper features are more 

resistant to shifting (Murphy, 1995).  

However, as dead vegetation was not included in this analysis it can be suggested that the 

absorption features are unlikely to shift wavelength positions. Instead, green vegetation is 

likely to reduce the depth of the mineral absorption feature minima and not change the 
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minima position, due to the lack of absorption features around 2000-2400nm (Murphy, 

1995). It can therefore be predicted that with the increase of green vegetation, the reduction 

in the diagnostic feature will occur and therefore a reduction in unmixing accuracy.  

For muscovite mica this relationship can be identified in the data with no additional noise 

added. For example, the analysis on the data with no noise and no vegetation produced a 

weak significant correlation for muscovite mica, however analysis on the data with 

vegetation resulted in non-significant correlation coefficients. This suggests that vegetation 

may be obscuring the muscovite mica absorption feature, even at the lower vegetation level 

0-24.9%. Siegal and Goetz (1977) identified that mineral absorption features can be 

obscured by as little as 10% vegetation coverage. Murphy (1995) identified that the weaker 

absorption features in the soil spectrum disappear when the vegetation coverage exceeds 50-

60%. However, the analysis carried out on the data with SNR 100 did not have this clear 

relationship between muscovite mica prediction outcome and with vegetation level, which 

could be due to the random Gaussian noise influencing the outcome. 

The mineral kaolinite manifests strong to medium correlation coefficients identified in the 

analysis of data with no noise and SNR 100, for all vegetation levels, except for the analysis 

of the SNR 100 with very high vegetation level data. These medium to strong correlations 

could be due to kaolinite’s distinct doublet diagnostic absorption feature, which in 

comparison to muscovite mica’s feature, is perhaps less likely to be completely masked by 

the vegetation spectrum. For example, Ager and Milton (1987) identified that deeper 

absorption features could still be detected from rocks covered with 60-80 % lichen. 

However, it should be noted that the relationship between vegetation levels and kaolinite 

prediction is not as clear cut, for both analysis on the data with SNR 100 and the data with 

no noise. For example, analysis on the data with no vegetation did not produce the best 

overall prediction accuracy for kaolinite in comparison to the low-level vegetation coverage 

data. A similar outcome is identified for the prediction outcome of k-feldspar in which the 

SNR 100 data with low vegetation produces a slightly better prediction outcome than the 

SNR 100 data with no vegetation. As explained in section 6.6.1.1, these slight diversions 

from the expected outcome of higher vegetation coverage and poorer mineral prediction, 

could be due to either the random vegetation levels for each of the 100 spectra or random 

Gaussian noise, which could be having a random positive influence on the prediction of that 

mineral. Yet, it can be identified that the very high level of vegetation coverage produced 

the worse outcomes for kaolinite and k-feldspar in both the data without added noise and 

noise level 100 SNR. This suggests that the very high coverage of vegetation is reducing the 
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absorption feature of kaolinite and therefore reducing kaolinite prediction accuracy and due 

to the correlation between kaolinite and k-feldspar, this is also reducing k-feldspar accuracy. 

It can also be identified that the analysis of the data with very high levels of vegetation, 

compared to the data with no vegetation, underestimated the amount of kaolinite and k-

feldspar, which is likely due to the reduction in the absorption features. Underestimation of 

minerals was also identified in Sadeghi et al. (2021) due to the presence of green vegetation.  

For the mineral quartz on both the data with no noise and the data with SNR 100 there is no 

relationship between the levels of vegetation and the prediction outcome. This could be due 

to the fact, as previously mentioned, quartz has no diagnostic absorption features in the 

VNIR/SWIR and therefore the vegetation signal has no influence on the diagnostic features 

of quartz. 

It can be recommended for carrying out analysis using the reflectance data, that all the levels 

of vegetation analysed would be unsuitable for predicting the abundance of the podoconiosis 

associated minerals quartz and muscovite mica. Though, if only interested in the 

podoconiosis associated minerals k-feldspar (orthoclase) and kaolinite, analysis carried out 

on the data with very high levels of vegetation abundance still produced moderate correlation 

coefficients, except for the very high vegetation level with SNR 100, a result that is expected 

due to the potential effects of occluded light. 

6.6.2.2 Vegetation impact relating to continuum removal  

CR was applied to the synthetic data to determine if this could improve the unmixing 

accuracy of the podoconiosis associated minerals at different levels of vegetation. 

For the CR on the data with no noise there is a clear relationship between the podoconiosis 

associated minerals, quartz, and k-feldspar prediction outcomes and the level of vegetation 

coverage. It can be identified that analysis on data with increasing levels of vegetation 

coverage resulted in poorer prediction accuracy. This is also identified in the outcomes of 

kaolinite and muscovite mica, however, similar to the reflectance data without CR this 

relationship is not clear cut. This could be due to the random vegetation levels having a 

random positive influence on the prediction of that mineral. However, it can be stated that 

for all podoconiosis minerals the CR data with no vegetation coverage produced the best 

prediction outcomes and the data with the highest vegetation coverage produced the worse 

outcomes. As already identified, this is likely due to the impact that the vegetation signal has 

on reducing the intensity of the absorption features around the 2200nm which relate to 

kaolinite and muscovite mica absorption features. Therefore, it can be suggested that the 
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greater the vegetation abundance in a pixel, the greater the reduction on the intensity of the 

mineral’s diagnostic absorption features, and therefore the poorer the prediction outcome. 

The comparison of the reflectance data with no noise to continuum removed data at different 

vegetation levels was that the analysis on continuum removed data improved the outcomes 

for all podoconiosis associated minerals, except for the very high vegetation data and the 

mineral quartz. CR is most appropriate on the data with no vegetation, data with vegetation 

can be suggested to reduce the intensity of diagnostic absorption features which will also 

transfer to the CR data, which is why very high vegetation produces the worst mineral 

prediction outcomes compared to the lower vegetation levels data. It can be suggested that 

CR is successful on data with green vegetation as the position of the absorption feature 

should not be greatly affected, only the intensity is affected. However, if this analysis was 

carried out on data with dead or dry vegetation, due to the likely shift in diagnostic feature 

wavelength position it can be suggested that the use of CR may not be appropriate.  

As already stated, the CR on the data with SNR 100 did not improve on the accuracy of the 

podoconiosis minerals in comparison to the reflectance data alone, regardless of the 

vegetation level, and this is again attributed here to the enhancement of the noise in the 

normalising process performed by CR. 

It should be stressed that the synthetic data were created using a maple leaf and aspen leaf 

spectral signatures and may not accurately represent the vegetation spectra found in 

Cameroon. For future studies it should be noted that different types of vegetation may 

influence the accuracy of mineral prediction, as previously stated the presence of dead 

vegetation will have a different impact than green vegetation due to their differing absorption 

features (Murphy, 1995). 

It should also be noted that although in this study it can be identified that vegetation can 

reduce the accuracy of unmixing, in certain situations the presence of vegetation can be an 

advantage and can provide supplementary information. For example, when geo-botanical 

relationships are strong, (where a certain plant species is related to a type of bedrock or soil), 

inferences can be made about the type of substrate (Lulla, 1985).  

6.6.3 Continuum removal overview 

The CR is identified as a pre-processing method to enhance diagnostic absorption features 

and remove topographical variation.  
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As already discussed, CR improves the prediction outcome on the analysis of the data with 

no noise added but not on the data with SNR 100. It has been suggested that CR is not useful 

on the 100 SNR data as it is likely enhancing the noise, whereas the CR on the data without 

noise is likely to be enhancing the diagnostic absorption features.  

However, it should be highlighted that by applying CR to this synthetic data, the 

topographical variation, added via cosine correction, which is a wavelength independent 

method, is completely removed. In real hyperspectral data, continuum removal has been 

identified to decrease the effects of topographic variation (Yan et al., 2010; Zhao and Zhao, 

2019). Yet, unless topographic variation affected reflectance equally for all wavelengths, 

which is unlikely, this complete removal of topographic variation would not occur. 

Therefore, it should be stated that the increase in accuracy, when analysed using continuum 

removed data could be partially due to the removal of the topographic variation, which is 

unlikely to be completely removed in real hyperspectral data and represents an 

oversimplification.  

In addition, an improvement in unmixing accuracy for CR data could be due to the 

incorporation of fewer bands than those unmixed using the reflectance data alone. This 

occurrence is highlighted in Figure 6.45, which showed the reflectance data using the bands 

(2000-2400nm) produced better unmixing accuracy for most of the podoconiosis minerals 

than the reflectance data across all the PRISMA bands. This suggests that the removal of 

bands can improve the unmixing accuracy, this could be as these bands do not contain useful 

reflectance data. However, the CR data did produce better outcomes than the reflectance 

data from 2000-2400 nm, suggesting CR did improve on unmixing accuracy.  

When using continuum removed data, compared to reflectance values alone, on the data with 

no white Gaussian noise added, the outcomes of the podoconiosis associated minerals 

generally had greater correlation coefficients and lower RMSE. As suggested, this increase 

in accuracy may be due to the removal of topographic variation and the use of fewer bands. 

However, an increase in accuracy could also be as CR can enhance diagnostic absorption 

features and reduce the influence of spectral variability, represented in the synthetic data by 

the randomly generated affine function. For example, grain size variation impact on spectral 

intensity has been reduced significantly by the application of CR (Yan et al., 2010). 

CR has been identified as a suitable method for increasing the prediction accuracy of the 

podoconiosis associated minerals, however, other pre-processing methods applied to 
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reflectance data could also be investigated such as log and CR (LCR) model which could 

potentially improve the unmixing accuracy further (Zhao and Zhao, 2019). 

6.6.4 Podoconiosis associated mineral unmixing accuracy  

From chapter 4 and 5 the minerals quartz, k-feldspar, mica, and kaolinite have been 

identified as having the highest probability of detected minerals in the region to be associated 

with podoconiosis. From the analysis of each dataset and the application of each spectral 

pre-processing step it can be identified that muscovite mica has a lower correlation than 

kaolinite. It can be suggested that the prediction of muscovite mica may not be as accurate 

as kaolinite, due to muscovite mica’s absorption feature near 2200nm being shared by other 

minerals, such as, goethite and kaolinite. From a previous study conducted using Hyperion 

hyperspectral data it was identified that muscovite mica was frequently mapped as kaolinite, 

producing a classification error of 25 %, whereas kaolinite was mapped as muscovite mica 

producing a 7% error (Kruse, Boardman and Huntington, 2003). They identified that the 

high classification errors occur for minerals with more similar spectral signatures (Kruse, 

Boardman and Huntington, 2003). In addition, muscovite mica’s other absorption features 

are not captured due to bad bands around 1400nm, and 2450nm (Calvin and Pace, 2016). 

Whereas kaolinite has a distinctive doublet at around 2200nm, which is not identified in any 

of the other minerals in the synthetic data. It could be hypothesised that carrying out this 

method using hyperspectral data which includes muscovite mica’s other diagnostic features 

would improve the unmixing accuracy of muscovite mica. Another suggestion as to why 

muscovite mica correlation coefficient is much lower than kaolinite, could be due to the fact 

that muscovite mica has lower abundances and has zero abundance in five of the synthetic 

spectra. However, analysis on the continuum removed data improved the prediction outcome 

for muscovite mica, which could be due to CR allowing better discrimination between the 

kaolinite and muscovite mica features.  

Perhaps surprisingly k-feldspar (orthoclase) had significant high correlations in several of 

the unmixing analysis outcomes. Whereas quartz was poorly predicted using the reflectance 

data and had a moderate correlation coefficient on the analysis of the CR data with no noise. 

Quartz and k-feldspar (orthoclase) have no distinct absorption features in the SWIR to VNIR 

wavelengths and both can be described as spectrally flat. As already highlighted the reason 

why k-feldspar produced these moderate to high correlation is likely due to the correlation 

between kaolinite abundance and k-feldspar abundance in the XRD analysis. However, if 

this correlation did not exist it can be suggested that k-feldspar would also be poorly 

predicted. The shape of the spectral signature is unlikely to be affected by quartz or k-
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feldspar (orthoclase), due to being spectrally flat; however, the amount of k-feldspar 

(orthoclase) and quartz could impact the depth of absorption features of other minerals in 

the synthetic spectra. In a previous study, it was identified that the presence of a non-ALOH 

mineral such as quartz, reduced the magnitude of absorption features (Rodger and Cudahy, 

2009). Therefore, the variation in depths of the 2200nm absorption feature and other 

absorption features may be produced not only by changes in the concentration of the ALOH 

minerals but also by the influence of the abundance of non-ALOH minerals.  

As quartz and k-feldspar (orthoclase) have distinct features in the LWIR region, a future 

recommendation is when sensors designed with both SWIR/VNIR and LWIR bands become 

available, these can be implemented to improve the accuracy of the prediction of quartz, k-

feldspar (orthoclase), and other minerals which have diagnostic absorption features in the 

LWIR wavelengths. As highlighted in section 6.2.3 the NASA SGB upcoming mission 

sensor is intended to contain SWIR/VNIR, MWIR, and TIR bands (Cawse-Nicholson et al., 

2021). In addition, it has been highlighted that minerals such as muscovite mica and kaolinite 

which share absorption features at 2200nm, which can result in difficulties in differentiating 

between them in unmixing studies (Fereydooni et al., 2020), will be separable using the 

additional wavelengths 

6.6.5 Future application on real hyperspectral data 

From the analysis it can be identified that having a high SNR is important for this method. 

This is also identified in other methods which have looked at unmixing minerals (Rogge et 

al., 2006; Koirala et al., 2019). For example, the analysis carried out on the data with a SNR 

of 100 did not produce accurate prediction for the podoconiosis associated mineral quartz 

and muscovite mica but did produce suitable outcomes when looking at the mineral’s 

kaolinite and k-feldspar. Therefore, it can be suggested that carrying out this analysis on real 

PRISMA data would not produce suitable outcomes for the podoconiosis associated minerals 

quartz and muscovite mica. However, it may be the case that when real PRISMA data is 

utilised the SNR may not be as low and therefore may produce better outcomes, or it could 

be the opposite in which the SNR is lower than expected and therefore will not be useful in 

predicting mineral abundances.  

Therefore, for future use on real hyperspectral images it will be important to select sensors 

which collect data with high SNR at the most useful bands to detect mineral absorption 

features. However, it should be noted that the advantage of sensors with many fine spectral 
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bands can be offset by a lower SNR, this is because a smaller number of photons are captured 

by each detector due to the narrower bands (Moses et al., 2012).  

The vegetation abundance in the synthetic data also impacted the accuracy of the unmixing 

outcome. Even though it is not identified consistently across all datasets, the majority of the 

podoconiosis associated minerals produced the worst unmixing outcomes on the analysis 

with the data with very high vegetation levels. Therefore, when applying this method to real 

hyperspectral data the amount of vegetation coverage should be considered, as it can 

significantly impact the prediction accuracy. Several approaches could be introduced to real 

hyperspectral data to combat this such as, collecting the hyperspectral data at a time in the 

year when vegetation density is at its lowest, as seen by Vicente and Filho (2011) who 

collected data in the local drought season to minimize vegetation cover and maximise the 

exposure of bare soil, or to investigate methods which attempt to remove the vegetation 

impact on the spectra (Haest et al., 2013). Some methods have opted to remove those pixels 

impacted by high vegetation cover, for example, De Boissieu et al. (2018) used a NDVI 

mask value > 0.25 to remove pixels with large amounts of vegetation cover. 

The podoconiosis associated minerals identified from the previous chapters, 4 and 5, were 

selected to be the focus of the unmixing accuracy analysis. However, as research into the 

podoconiosis soil triggers advances these may change, and other minerals may be 

highlighted as potential triggers. It will therefore be important for future studies to predict 

other minerals using remote sensing. For example, the mineral smectite which has been 

identified as associated with podoconiosis in Ethiopia but is principally non-existent in the 

North West Cameroon data, would likely be a suitable candidate for prediction as it contains 

spectral diagnostic features in the VNIR/SWIR region (Calvin and Pace, 2016).  

6.6.6 Limitations 

The synthetic data was created to try and replicate real hyperspectral data, however, it can 

be suggested that real hyperspectral data may be more complex. For example, by using two 

endmembers for each mineral and the Thouvenin et al. (2015) method, a different spectral 

variation of each mineral was available to be selected for each synthetic spectrum. Yet, real 

hyperspectral data may contain minerals with greater variability, which is not captured in 

this synthetic data. In addition, as stated in section 6.4.2 the cosine topographic correction 

method may be simpler than what would occur in real hyperspectral data found at the 

Cameroon study site and real topographic variation may be more complex. Nevertheless, it 

should be highlighted that the USGS spectral library is a robust alternative to using real 
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hyperspectral data to represent mineral behaviour, and has been shown to successfully 

simulate real hyperspectral data here and in previous studies (Rajabi and Ghassemian, 2014; 

Ertürk, Iordache and Plaza, 2015; Rajabi and Ghassemian, 2015). Additionally, the cosine 

correction method may not be fully representative of topographical variation’s impact on 

hyperspectral data it does, however, add insight to how topographic variation could be 

impacting unmixing methods. The simplifications assumed in this modelling exercise have 

been sufficiently justified. 

A further constraint of the synthetic data replicating real data, is that the XRD analysis in 

real data may not record all types of minerals within the soil spectra. Therefore, unknown, 

and unaccounted for mineral presence could be adjusting the diagnostic absorption features 

of the mineral mixture spectra. 

Environmental considerations may also be impacting the data outputs. As the particle size 

of soil at the study area was unknown, it was not taken into account when creating the 

synthetic spectra. Particle size can influence the general shape of the reflectance spectra 

changing the spectral intensity and absorption band depth (Gomez and Lagacherie, 2016). 

Therefore, if the particle size is known to change greatly over the study site, it could cause 

spectral variability, and this could impact the mineral prediction outcomes. However, as this 

method should be utilised on a study site with similar soil variables due to similar underlying 

geology, it could be suggested that the particle size will not change dramatically and 

therefore reflectance spectra should not be greatly influenced by this. This can also be 

evidenced by the particle size analysis carried out on a selection of soil samples from the 

North West Cameroon study site, in chapter 5, which identified that the particle size of these 

samples did not vary greatly. In addition, the application of CR has been identified to remove 

the influence of particle size, so when utilising continuum removed data the effects of 

particle size on variability should be accounted for (Itoh and Iwasaki, 2013). 

A final potential limitation of this study is that the predicted abundance of each mineral can 

only be within the same range as the abundance values of each mineral found in the training 

data. This means that the unmixing model cannot predict the abundance higher or lower than 

what occurs in the training data. Therefore, this method is a site-specific approach and should 

only be applied to soils within the similar mineral abundance ranges represented in the 

training data. This method requires ground sampled soil data for each study area that soil 

unmixing is carried out, meaning that this method cannot be achieved entirely remotely but 

can be applied in conjunction with suitable ground validation data. Such capabilities to use 
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mixed endmembers in this novel fashion to identify the abundance of podoconiosis related 

minerals across extensive remote areas heralds the emergence of a new tool to combat and 

address the prevalence of this neglected tropical disease. This method is not without 

constraints, nevertheless it does introduce a potential alternative method to employ 

hyperspectral data when pure endmembers cannot be extracted from the image. 

6.7  CONCLUSION 

The aim of this chapter was to model and critically assess the potential of hyperspectral 

satellite data to predict specific soil mineral abundances, which have previously been linked 

to podoconiosis in North West Cameroon.  

To conclude, an alternative method to unmixing using pure pixels was presented to aid in 

the location and prediction of podoconiosis related minerals using remote sensing. The study 

presented a method which could successfully predict the abundance of minerals which had 

deep distinct absorption features, such as kaolinite using hyperspectral data with high noise 

level (SNR 100) and very high vegetation coverage (75-100%). A key finding was that 

mineral spectral signatures without distinct absorption features and those minerals which are 

not associated with other minerals which have deep absorption features are not predicted 

well using this method.  

This method will work best on areas with bare soil; however, vegetation does occur at the 

Cameroon study site and is likely to occur in other podoconiosis prevalent regions. 

Therefore, it is important to identify how vegetation coverage may impact the unmixing 

accuracy. Analysis carried out on the reflectance data at any vegetation level would not be 

suitable for predicting the minerals muscovite mica, and quartz. This is suggested to occur 

as quartz does not have any absorption features in the VNIR/SWIR region and the muscovite 

mica characteristic feature is non-unique and shared with other minerals. Kaolinite and k-

feldspar produced moderate to strong correlation coefficients from the analysis on the 

reflectance data on all vegetation levels, except for the data with SNR 100 with very high 

vegetation levels. Similar to the reason why kaolinite can be predicted well in data with SNR 

100, it can be suggested that due to kaolinite’s relatively deep distinct absorption feature, the 

impact of vegetation will have less effect than on shallower absorption features. Several 

suggestions are made to reduce the impact of vegetation on unmixing, for example collecting 

data seasonally to capture lower vegetation coverage or by employing the removal of pixels 

with high levels of vegetation. 
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Quartz produced the least favourable unmixing results compared to the other podoconiosis 

associated minerals, this is likely due to quartz having no diagnostic absorption features in 

the VNIR/SWIR region and is not strongly correlated to other well predicted minerals with 

diagnostic features. Therefore, it was suggested in the future, to carry out this method on 

sensors with bands which contain diagnostic absorption features of quartz, such as the 

anticipated upcoming mission from NASA surface biology and geology (SGB), which is 

expected to contain wavelengths from the SWIR/VNIR, MIR, and TIR. In addition, the 

mineral muscovite mica did not perform as well as the mineral kaolinite even though both 

have diagnostic absorption features in the VNIR/SWIR region. This could be as the 

muscovite mica absorption feature is shared with other minerals in the mineral mixture, 

whereas kaolinite has a distinct absorption doublet.  

Another key finding from the study was that the pre-processing method continuum removal 

improved the prediction accuracy of the minerals when the hyperspectral data had no noise 

added, however when added to data with SNR 100 the prediction accuracy of the minerals 

reduced in comparison to the SNR 100 data with no pre-processing. This is likely due to 

occur as CR enhances absorption features and therefore is likely to enhance noise in the data 

too. 

Due to the highlighted limitations of this study, this method is only recommended in areas 

with similar soil types. It can be advised, that if pure endmembers are available, other 

methods such as nonlinear unmixing would be more appropriate, although availability of 

such data is rare. As a result, this unmixing method is presented as a potential avenue for the 

successful determination of soil composition in situations when pure endmembers cannot be 

extracted. This is common at medium spatial resolution globally where pure pixels are rare, 

or when endmembers were not recorded from samples in the field or laboratory. The 

potential of this approach to remotely map the occurrence of podoconiosis related minerals 

over vast areas is evident here, by using small scale soil sampling campaigns and performing 

soil composition analysis to inform training data.  
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7) CHAPTER 7: DISCUSSION  

Podoconiosis is caused by barefoot long-term exposure to volcanic soil, however from 

previous studies no conclusive soil variable has been identified as a trigger in the 

pathogenesis of podoconiosis.  

As of February 2011, WHO included podoconiosis on its list of neglected tropical diseases 

(NTDs) (Davey et al., 2012). Under goal 3 of the 2015 sustainable development goals ‘Good 

Health and Wellbeing’ one target states:  

“By 2030, end the epidemics of AIDS, tuberculosis, malaria and neglected tropical 

diseases and combat hepatitis, water-borne diseases and other communicable diseases”. 

It has been suggested that understanding the geography of a disease is crucial in elimination 

efforts (Deribe et al., 2015b). This thesis has sought to contribute to this sustainable 

development goal by gaining a further understanding of the geography of the disease through 

the three research aims. 

Research aims:  

1. To spatially analyse ground-sampled soil elemental and mineralogical data from 

North West Cameroon, to identify significant associations with contemporary 

podoconiosis data, using geo-statistical analysis. 

2. To investigate a potential inflammatory pathway of podoconiosis and measure the 

immune reaction of macrophage model cell line in response to the stimulation of 

mineral standards and ground-sampled North West Cameroon soil. 

3. To model and critically assess the potential of hyperspectral satellite data to predict 

specific soil mineral abundances, which have previously been linked to podoconiosis 

in North West Cameroon. 

Sections 7.1.1 to 7.1.3 will consider the key findings from each objective, section 7.2 will 

present the implications from the study, and section 7.3 will discuss future recommendations 

for research related to this study. 
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7.1 KEY FINDINGS  

7.1.1 Geospatial analysis of ground-sampled soil data in relation to community level 

podoconiosis data in North West Cameroon 

Several studies have been carried out to evaluate soil properties in comparison to 

podoconiosis although there has been no consensus between studies on a definitive trigger. 

Having no consensus in this regard could be due to several reasons. One reason could be that 

the soil trigger of podoconiosis may not equally influence podoconiosis distribution in 

different countries. In addition, discrepancies of potential podoconiosis triggers could occur 

due to the variety of different study focusses and approaches, for example: investigating 

ground sampled soil data in comparison to disease data (Molla et al., 2014; Muli, Gachohi 

and Kagai, 2017), comparing soil data to podoconiosis endemic and nonendemic regions 

(Frommel et al., 1993; Le Blond et al., 2017), and investigating particles in the lymphatic 

system of individuals with and without podoconiosis (Price and Henderson, 1978). This 

emphasises the need for a greater depth of academic literature on the subject of podoconiosis 

to help move the disease from the neglected classification. Moreover, the scale of studies 

could similarly be responsible for discrepancies, for example, larger scale studies have 

utilised broad soil variables such as clay content to look at long-range podoconiosis 

variation, as testing ground-sampled soil parameters would not be feasible over a large area 

(Deribe et al., 2015b; Deribe et al., 2019). This leads onto another point in which studies 

may not be able to include all previous associated candidate variables, as has occurred in 

this study, with some soil variables unsuitable for interpolation analysis. Finally, it could be 

that the trigger of podoconiosis is not being captured in all or any of the studies. Again, this 

emphasises the importance of studies such as this performed in this thesis. 

The scale of this current study is most similar to Molla et al.  (2014) in which ground sampled 

soil data was compared to podoconiosis prevalence data, in Ethiopia. However, the Molla et 

al, (2014) study did not utilise disease occurrence data to compare areas with no cases to 

areas with at least one case. Podoconiosis prevalence and occurrence data in chapter 4 of 

this analysis is taken into account through the use of correlation analysis and logistic 

regression.  

The analysis presented in this thesis has identified significant associations between 

podoconiosis and a number of soil minerals and elements. The study presented here has also 

identified, and corroborated, the significance of several variables which have been observed 

in previous studies; the elements Ba, Be, K, Na, and Sr and the minerals; quartz, mica, and 
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k-feldspar. In addition, and somewhat significantly, this thesis has identified the elements Tl 

and Rb, which have not been analysed with respect to podoconiosis before. The variables Tl 

and Rb are under analysed, however, there is a connection between Tl, Rb and the other 

identified elements including Ba and Sr, as all these elements have the capability of replacing 

K in the mineral k-feldspar (Smith J.V, 1988). The significant variables identified in this 

study were suggested as possibly being disease covariates or potential triggers of the disease. 

Admittedly the nature of these associations cannot be implied from this analysis, still it is 

important to stress that the identification of potential disease covariates can be suggested to 

be equally crucial as disease triggers, as covariates are important for predicting the 

geographical distribution of podoconiosis (Deribe et al., 2019). 

This is the first Cameroon based study in which detailed soil minerals and elements have 

been compared to podoconiosis community level data, therefore no comparisons could be 

made to previous works in Cameroon. However, the study in Ethiopia, in which ground-

sampled soil data and podoconiosis community data was compared identified that the 

minerals smectite, mica, and quartz were significantly associated with increased 

podoconiosis prevalence (Molla et al., 2014). Interestingly, in this present study the majority 

of soil samples taken in the North West Cameroon recorded smectite as non-detectable. This 

could suggest two potential observations, firstly that there are disparities between the triggers 

of podoconiosis in different countries, or, secondly that smectite could be acting as a disease 

covariate in Ethiopia.   

The significant correlations identified in this thesis can be critiqued as being statistically 

significant but weak in strength, as well as presenting significant but relatively low odds 

ratios. However, reasons such as inaccuracies in the CHIs collection of the prevalence data 

(due to potential misdiagnosis) could be contributing to the weaker associations. 

Importantly, an additional analysis presented in this thesis, where the correlation analysis 

was repeated with the mean correction factor of 70.5% applied to data with a correction 

factory accuracy of 50% and over, showed the potential impact on misdiagnosis on 

association strength. This supplementary and additional analysis, although not used due to 

the lower sample size, is a key finding from this study which has highlighted the importance 

of definitive diagnosis in future studies.  

The analysis presented in this thesis also revealed, from the PCA, that no clear and definitive 

separation of podoconiosis occurrence data existed, and this reinforces the belief that other 

factors; such as shoe wearing behaviour, foot washing (Molla et al., 2013), and genetics 
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(Tekola Ayele et al., 2012), are likely to play a significant role in podoconiosis occurrence. 

In addition, it has also been suggested that physical properties of the soil could be involved 

in the occurrence of podoconiosis, as identified in several previous studies where smaller 

grain size has been associated with podoconiosis (Price and Plant, 1990; Deribe et al., 2013), 

although, interestingly not all studies have identified a significant relationship with particle 

size (Molla et al., 2014). Smaller grain size and therefore larger surface area has been linked 

to an increased cytotoxic potential (Guthrie Jr, 1997). Furthermore, podoconiosis occurrence 

could potentially be related to the shape of the particles, this relationship is identified in the 

disease asbestosis in which fibrous shape particle causes them to be retained more often in 

the bronchioles and the alveoli  (Lynch and Cannon, 1948). Needle like particles have been 

identified to cause more cellular membrane damage than rounder particles (Doshi and 

Mitragotri, 2010). However, from the analysis presented in this thesis, it could be intimated 

that a slight separation could be identified between the occurrence ellipses in the PCA plot. 

This implies that the presence ellipse does become discernible with maximal and increased 

quantities of the associated soil variables. This is similar to what is seen in Cooper et al. 

(2019) where,  for a study using Hawaii as a control, an overlap of similar bedrock chemistry 

is observed between the control and the other locations in which podoconiosis can occur. 

An additional finding from this study was identifying EBK as the most successful 

interpolation model in regard to the prediction error statistics, compared to the models OK, 

UK, and IDW. This is likely due to is its ability to account for the error introduced by 

estimating the semivariogram model. It can therefore be recommended that the EBK model 

should be a considered in future studies when performing interpolation analysis on soil 

variables, However, it should be acknowledged that the performance of an interpolation 

model is determined by the inputted data and for example, data with a strong trend may be 

more suited to the UK model.  

It is important to stress that this research is the first podoconiosis study to consider the 

movement of individuals and their spatial relationship with the soil, albeit simplistically, 

through the generation of buffer zones around community centroids; to represent the 

potential movement and range of individuals and their potential interaction with soil 

environment surrounding the community. This was an important consideration within the 

study as it is widely recognised that individuals are likely to move outside of their villages 

to tend to livestock; and therefore have interaction with soils residing outside of the vicinity 

of their community (S.Wanji 2018, pers. comm. 23 September). This buffer analysis is 

admittedly limited as, although additional buffers of 1 and 5km were utilised for comparative 
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purposes, the initial buffer distance of 3km was selected aligning to parameters used in a 

previous study from Uganda (Wardrop et al., 2012). In future studies it will be important to 

more accurately model distances walked by individuals from communities, and thus 

implement a more accurate and precise movement buffer.  

7.1.2 Macrophage cell responses to Cameroon soil samples and mineral standards 

associated with Podoconiosis 

From the first analysis chapter the nature of the association of the soil variables with 

podoconiosis could not be clearly determined and could only be suggested to be either 

disease covariates or potential podoconiosis triggers. In addition, the associations identified 

in chapter 4 were critiqued as relatively weak. In order to gain a further understanding of the 

nature of these associations, the second objective added mineral standards and a selection of 

soil samples from the North West region of Cameroon to macrophage models and the 

immune response was measured. From previous studies particles have been identified in 

lymph node macrophages (Price, 1972b; Price and Pitwell, 1973; Price and Henderson, 

1978). The exact mechanisms involved in the pathogenesis of podoconiosis are unknown, 

however the NLRP3 inflammasome activation pathway was selected for investigation due 

to the activation of the NLRP3 inflammasome in other sterile inflammatory diseases such as 

asbestosis and silicosis (Dostert et al., 2008). The NLRP3 inflammasome results in a release 

of IL-1 pro-inflammatory cytokines which are important for T-cell activation (Kierszenbaum 

and Tres, 2015). Podoconiosis has been suggested to be a T-cell mediated disease due to the 

association between variants in the HLA class II loci with podoconiosis (Tekola Ayele et 

al., 2012; Yardy, Williams and Davey, 2018; Alcantara et al., 2020; Gebresilase et al., 2021). 

For this chapter, an initial experiment was carried out to determine the concentration of 

mineral and soil samples to be added to the macrophage cells for the immune response 

experiment. It was determined that the mineral samples would be added at 0.1mg/ml and the 

soil samples at 0.25mg/ml.  

In addition to investigating the immune response of macrophage models, in reaction to the 

addition of soil samples and mineral standards, particle size analysis was also carried out on 

each of the stimuli. In previous studies particle size has been identified as associated with 

podoconiosis (Price and Plant, 1990; Deribe et al., 2013). Particle size, across the 8 soil 

samples, followed a similar curve and suggested that there was very little variation in the 

particle size across the 8 soil samples investigated; despite their geographic separation. 

Therefore, due to the lack of variance of the particle size across the soil samples, it was not 
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possible to infer any potential effect, if any, that particle size may have on the inflammatory 

pathway response.  

Interestingly, however, for the mineral standards the particle size did vary, with the mineral 

standards kaolinite, Sigma kaolinite, smectite, and Sigma smectite shown to contain a greater 

number of smaller sized particles; when compared to the other minerals tested (hydrobiotite, 

quartz, orthoclase, and chlorite). 

In addition to particle size analysis, a PCA was carried out on the elemental content of the 

soil variables. From the PCA biplot it was identified that the samples 10, 32, 41, and 124 

were clustered together and samples 11, 74, 84, and 144 appear dispersed. However, the 

cluster identified from the PCA does not explain any of the outcomes of the cell assays in 

response to the addition of the soil variables.  

The cell viability of the minerals added at 0.1mg/ml identified a significant decrease in cell 

viability for the minerals hydrobiotite, smectite, Sigma kaolinite, and Sigma smectite, 

whereas the soil samples added at 0.25mg/ml did not cause a significant reduction in cell 

viability. Observations have been made that caspase-1 activation can trigger pyroptosis 

(Bergsbaken, Fink and Cookson, 2009). This could suggest why there was no statistically 

significant change in cell viability with the addition of the Cameroon soil samples, as no soil 

samples activated the NLRP3 inflammasome. However, all mineral samples statistically 

activated the NLRP3 inflammasome, but not all of them resulted in a significantly lower cell 

viability than the untreated control. It is unknown why only some minerals resulted in a 

lower cell viability, it has been identified that cell death (pyroptosis) is not obligatory for the 

secretion of IL-1B (Conos et al., 2016), suggesting it is not necessary for the inflammatory 

response.  

As previously stated, the activation of the NF-κB pathway is not clear. To ensure sterile 

stimuli have the potential to trigger the immune response, the cells were treated with PAM3, 

a positive control of NF-κB. This created a background level of NF-κB so that the NLRP3 

components could be upregulated and cause an immune response through the assembly of 

NLRP3, if triggered by the sterile stimuli. The analysis in this thesis identified that all 8 soil 

samples from Cameroon and the minerals Sigma kaolinite and kaolinite caused a statistically 

significant NF-κB activation compared to the untreated control. Several ideas have been 

highlighted as to why a significant NF-κB activation could have occurred; which include if 

the heat treatment subjected to the samples did not remove potential endotoxins, NLRP3 

activation mediated the NF-κB activation (Kinoshita et al., 2015), levels of ROS could have 



 

 

226 

 

increased (Bubici et al., 2006) or TNF and IL-1B which mediate the immune response 

(Dinarello, 2000) could have increased.  

In a previous study completed by the BSMS lab it was identified that soil samples from 

Ethiopia including different podoconiosis endemicity regions also activated the NF-κB 

pathway (D.Alcantara 2019, pers. comm. 31 May). In addition, the BSMS study identified 

that kaolinite activated the NF-κB. However, the BSMS study also identified NF-κB 

activation with the addition of smectite, which was not identified in the analysis in this thesis. 

It was suggested that the lack of NF-κB activation could be due to the lower concentration 

of minerals in this present study. This highlights an important point in which the 

concentration of the samples being added could be impacting the immune response and 

therefore future studies should repeat the analysis with multiple concentrations for 

comparison. 

In this thesis the activation of the NLRP3 inflammasome was statistically significant with 

the addition of all mineral samples in comparison to the untreated control. In the previous 

BSMS study all Ethiopian soil samples were identified as activating the NLRP3 

inflammasome. A suggestion as to why the NLRP3 inflammasome was not activated by the 

soil samples, could be as previously indicated due to the concentration of the samples in 

comparison to the BSMS study. In addition, the previous BSMS study identified that 

kaolinite and smectite significantly activated the NLRP3 inflammasome whereas chlorite 

and quartz were not identified as significant activators of NLRP3 inflammasome. As 

previously highlighted the disparity between this current study and the previous unpublished 

BSMS study could be due to the different sources of minerals. This is highlighted in this 

present analysis when comparing the sigma minerals to their counterparts, for example, 

sigma kaolinite produced an average NLRP3 activation of 2.65 and kaolinite an average 

NLRP3 activation of 1.57. Therefore, in future experiments it would be important to seek 

mineral samples from the geographical locations which are podoconiosis endemic regions. 

Regarding the particle size of the mineral samples, it is identified that the minerals kaolinite 

and smectite and their Sigma counterparts have the greater proportion of finer particles than 

the other minerals and produced higher average activation of NLRP3, compared to the other 

minerals with smaller proportions of finer particles. However, it is noted that kaolinite the 

mineral with the highest proportion of smaller sized particles does not have the greatest 

average NLRP3 activation. This suggests that variables other than particle size may be 

involved in the activation of the inflammatory response. Additionally, it could be suggested 

that variables not measured in this study such as particle shape could be impacting variation 
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across the inflammatory response. As previously mentioned, needle like particles have been 

identified to cause more cellular membrane damage than rounder particles (Doshi and 

Mitragotri, 2010). 

To summarise the study has highlighted a potential inflammatory pathway for podoconiosis, 

through the activation of the NLRP3 inflammasome. Sigma kaolinite, and smectite could be 

identified as the most likely potential activators of this inflammatory pathways as they 

produced the greatest activation of the NLRP3 inflammasome. However, further studies are 

needed to corroborate these findings. Suggestions for further experiments of the 

inflammatory pathway would be to carry out the study with multiple concentrations, as the 

concentration of particles entering macrophage cells is unknown. Soil samples from 

podoconiosis non-endemic regions in Cameroon should be utilised for a comparison to 

podoconiosis endemic region. Minerals samples should be representative of those found in 

areas endemic to podoconiosis. Finally, as highlighted in chapter 4 it would be noteworthy 

to look at the shape of the particles in the samples to determine if shape could be impacting 

the immune response. 

7.1.3 Hyperspectral unmixing of podoconiosis associated minerals  

The first and second analysis chapter identified several soil minerals as potentially being 

associated with podoconiosis. This chapter assessed the potential of using hyperspectral 

remote sensing data to remotely predict the abundance podoconiosis associated minerals.  

The accuracy of unmixing is strongly affected by the selection of endmembers used as inputs 

into the unmixing analysis. If spurious endmembers are used which are not representative of 

the material to be measured it can result in errors in the abundance calculation (Drumetz et 

al., 2017). Image extracted endmembers have been suggested as most suitable as they are 

acquired under the same conditions as the image, unlike reference endmembers from spectral 

libraries. Many endmember image extraction algorithms exist which have the assumption of 

at least one pure pixel for each endmember (Boardman, 1994b; Winter, 1999; Nascimento 

and Dias, 2005). In addition, image endmember extraction algorithms which don’t require 

the pure pixel assumption but require the data to be linearly mixed have also been identified 

and carried out unmixing successfully (Miao and Qi, 2007; Li and Bioucas-Dias, 2008; Chan 

et al., 2009). However, the assumption that pure pixels are contained in the image is unlikely 

to occur due to the spatial resolution of hyperspectral sensors and are unlikely to be linearly 

mixed due to the nature of mineral mixtures. Therefore, these established image extraction 

algorithms could not be utilised for the situation presented in this chapter. Extraction 
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algorithms which have the assumption of no pure pixels and are nonlinear mixtures are more 

complex and far fewer of such studies have been completed. The major limitation of the 

methods which have been assessed require the number of endmembers in the image to be 

known a priori to achieve the extraction of suitable endmembers (Heylen and Scheunders, 

2014; Yang, Chen and Wang, 2020; Jiang et al., 2021). In real hyperspectral images the 

number of endmembers in the image is unlikely to be known and therefore at present 

extracting image endmembers is not suitable, for highly mixed data with no pure pixels. For 

this reason, this analysis investigated a method which does not require the extraction of pure 

endmembers and instead utilises mixed pixels with known mineral abundances from in situ 

collected, and lab analysed, samples to unmix other mixed pixels.  

Hyperspectral data over the use of multispectral data was selected, as hyperspectral data has 

hundreds of narrow spectral bands which can capture detailed mineral spectral signatures. 

The PRISMA hyperspectral sensor launched 22nd March 2019 was utilised as the PRISMA 

sensor is the newest hyperspectral satellite taking free active acquisition requests. Requests 

were made throughout 08.08.20-22.01.21, however acquisition is based on a priority list and 

the addition of bad weather and geometrical infeasibility resulted in only a few satellite 

images being collected. These hyperspectral images were not analysed in the study due to 

not covering all the ground-sample locations and as a consequence of considerable cloud 

coverage that limits application. A secondary issue identified with the images was the 

geolocation data had geolocation accuracy error of up to 200m. Due to the low spatial 

resolution of the sensor and the lack of suitable ground control points georeferencing was 

not appropriate. Instead, the PRISMA hyperspectral images were used as templates to create 

synthetic hyperspectral data, using the number of bands and corresponding wavelengths 

from the PRISMA data to resample the synthetic data. In addition, bad bands in the real 

hyperspectral data were identified and removed from the synthetic data. In the future as more 

satellite sensors are launched the accessibility of hyperspectral data will increase with this 

study providing a proof of concept for wider future application via the modelling undertaken.  

Synthetic data is utilised in many studies to assess the implication of new remote sensing 

methods (Ifarraguerri and Chang, 1999; Robinson, Gross and Schott, 2000; Collins, Roberts 

and Borel, 2001; Chang et al., 2002; Stites et al., 2013; Duncanson et al., 2020). Synthetic 

data is particularly useful as ground truth variables are known and data can be manipulated 

for example to examine different noise levels. The synthetic data was created utilising the 

XRD analysis from the North West Cameroon soil samples. MLM was chosen to mix the 

mineral endmembers as it can describe high levels of interactions through its probability P 
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value and has been utilised widely to produce synthetic data (Xu, Shi and Pan, 2018; Zhang, 

Li and Dong, 2021). However, it could be argued that the Hapke model is perhaps more 

popular in describing mineral mixtures, although, the model requires variables which are 

unknown in this case and can rely on assumptions, therefore the Hapke model was 

overlooked here. Effort was also made to simulate spectral variability, which can occur due 

to variations in particle size, chemical composition, and illumination. Spectral variability 

was simulated through the selection of two endmembers to represent each mineral and then 

creating 50 variations of each endmember using component wise product of the reference 

endmember with randomly drawn piece-wise affine functions. Spectral variability caused by 

illumination was added through the rearrangement of a topographic correction model. 

However, as highlighted this model may not be the most suitable for the North West 

Cameroon topography, yet, it can be suggested as useful for the addition of variability. White 

Gaussian noise was added to the synthetic data to create a SNR of 100. SNR 100 was chosen 

to replicate the lowest potential SNR of the PRISMA data in the SWIR channel according 

to the product specificity. In addition, data with no added noise was created for comparison 

to the SNR 100 data to determine how noise may impact the accuracy of the method. Great 

effort was put in to produce synthetic data that incorporates all the aspects of real data, 

however it may not contain all the characteristics of the real PRISMA data as is unavoidable 

for environmental modelling approaches.  

In addition, to the synthetic mineral mixture spectra, mineral spectra with vegetation 

endmembers were also investigated, due to the vegetation coverage found in North West 

Cameroon. LMM was selected for mixing the vegetation endmember and the mineral 

mixture endmember as it is used in multiple studies for unmixing landcover classes such as 

vegetation and soils (Asner and Lobell, 2000; Guerschman et al., 2015; He, Yang and Guo, 

2020). 

The key findings from this study included that unsurprisingly for the majority of the 

podoconiosis associated minerals the unmixing analysis carried out on the reflectance data 

with SNR 100 produced worse prediction outcome than the analysis on the data with no 

added noise. This is likely due to white Gaussian noise obscuring diagnostic absorption 

features of the minerals. In addition, in most cases mineral prediction outcome worsened 

with higher levels of vegetation, with vegetation impacting the spectral signatures of mineral 

absorption features. Green vegetation was studied in this study as it can be suggested to 

represent the vegetation in the study area. However, it was highlighted that different types 

of vegetation such as dead vegetation will have a different impact due to the differing 
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absorption features between green and dead vegetation (Murphy, 1995). Several 

recommendations emerge from this study to reduce the impact of vegetation in future 

studies, such as collecting data in the local drought season to minimize vegetation coverage 

or applying novel methods to remove the vegetation impact on the spectra (Vicente and de 

Souza Filho, 2011; Haest et al., 2013). However, as mentioned these findings were not 

always a clear-cut relationship for both noise and vegetation levels across all podoconiosis 

associated minerals. For example, the mineral quartz did not follow this relationship on the 

analysis on the reflectance data. It has been suggested that this could be due to a random 

positive influence of noise and vegetation on the prediction of the mineral.  

CR is a pre-processing method which was applied to the reflectance data with the aim of 

enhancing diagnostic absorption features and reduce the spectral variation. It was identified 

that CR on the data with no noise added improved the prediction accuracy for all 

podoconiosis associated minerals at all vegetation levels in comparison to the reflectance 

data. However, it should be noted that this improved prediction on the continuum removed 

data could be partially due to the incorporation of fewer bands and the complete removal of 

the topographic variance.   

The CR applied to the data with 100 SNR was not suitable and produced mineral prediction 

accuracy worse than the unmixing carried out on the reflectance data with SNR 100. It was 

hypothesised that this was due to CR enhancing the noise in the data (Van Der Meer, 2000). 

It can therefore be recommended that application of CR to data with noise needs to be 

considered.  

From the analysis it can be identified that kaolinite produced the best prediction accuracy 

compared to the other podoconiosis associated minerals. This is likely due to kaolinite’s 

distinct absorption doublet at around 2200nm. K-feldspar produced moderate to high 

prediction accuracy due to its correlation with kaolinite abundance. Muscovite mica which 

has an absorption feature at around 2200nm was not predicted as accurately as kaolinite. 

This could be due to sharing this feature with other minerals such as kaolinite and goethite. 

Quartz was predicted poorly throughout the analysis which is suggested to be due to quartz 

having no diagnostic absorption features in the SWIR/NIR wavelengths.  

The method investigated in chapter 6 identified a potential approach when pure endmembers 

are unavailable, which is a common occurrence when the hyperspectral data is at a medium 

spatial resolution and when endmembers are not recorded in the field or from samples. The 
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next step would be to apply this method to real hyperspectral data as temporal and spatial 

coverage and resolution improves.   

7.2 IMPLICATIONS OF THE STUDY  

This study is the first to analyse local podoconiosis data with detailed soil data in North West 

Cameroon. The results from this analysis have added to the severely underpopulated 

podoconiosis literature particularly regarding potential soil triggers, which include the 

elements Ba, Be, K, Na, and Sr and the minerals; quartz, mica, and k-feldspar. Contributing 

to the podoconiosis literature will help to establish the soil trigger(s) of podoconiosis in the 

future. Identification will contribute to the sustainable development goal target on NTD’s, 

by helping target areas at a local scale which are at high risk of podoconiosis due to soil 

composition. This study identified the importance of accurate disease capture. In addition, 

the methodology introduced the consideration of the movement of people in relation to their 

interaction with the soil, by the addition of buffers. 

This thesis has suggested a potential inflammatory pathway of podoconiosis, based on other 

sterile inflammatory diseases and has identified minerals which could be potential triggers 

of podoconiosis through macrophage analysis. This potential inflammatory pathway is 

important for subsequent research to develop the analysis further, for example through using 

different mineral stimuli, stimuli concentrations, and soil samples from podoconiosis 

endemic and non-endemic regions. No definitive conclusions could be made from this 

analysis, however it can be suggested that the minerals kaolinite and smectite have the 

potential of activating this inflammatory pathway.  

Finally, this study has identified a potential method to predict podoconiosis associated 

minerals by using mixed pixels as inputs in an unmixing model. This is important as 

extracting endmembers from images with the absence of pure pixels and data which are 

nonlinearly mixed is difficult and unreliable. Selecting representative endmembers is 

important to produce accurate unmixing results. This method identified that minerals with 

absorption features in the SWIR/NIR wavelengths captured by hyperspectral data could be 

to a certain degree be accurately predicted. However, it was identified that those without 

absorption features in those wavelengths would not be suitable for prediction. This study 

also highlighted the capabilities of pre-processing the data using continuum removal on 

improving prediction accuracy on hyperspectral data with no noise. From this it is possible 

that in the future when soil mineral triggers are identified this method could be potentially 

utilised to predict podoconiosis minerals, which could be considered in local scale 
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podoconiosis risk maps. Additionally, this method could be explored outside of 

podoconiosis research, with the potential to predict minerals without the use of pure 

endmembers. Using the methodologies presented across the three analysis chapters there is 

clear potential for wider application of this interdisciplinary framework to bolster data 

collection and to continue the essential work towards improving the lives of the communities 

affected by this neglected tropical disease.    

7.3 RECOMMENDATIONS FOR FURTHER STUDY 

As identified in this study the accuracy of the diagnosis of podoconiosis by CHIs will impact 

the accuracy of the GIS analysis. Deribe et al. (2020a) highlighted the difficulties in reliably 

diagnosing podoconiosis and developed and validated a clinical algorithm for diagnosis. The 

clinical algorithm comprises of five simple questions which will allow health care workers 

to accurately diagnose podoconiosis. Therefore a future recommendation would be to utilise 

a clinical algorithm such as the algorithm developed in Deribe et al. (2020a) to improve 

podoconiosis diagnosis and therefore increase analysis accuracy.  

The current study focused on the elemental and mineralogical properties of the soil, as they 

have been highlighted as being associated with podoconiosis. Previously soil properties such 

as particle size have been associated with podoconiosis occurrence. Following on from 

particle size other particle properties such as particle shape could be associated with 

podoconiosis epidemiology, as particle shape has been highlighted in the epidemiology of 

asbestosis a sterile disease (Lynch and Cannon, 1948), as needle like particles have been 

identified to cause more cellular membrane damage than rounder particles (Doshi and 

Mitragotri, 2010). Therefore, in the future a combination of the soil mineral/elemental 

properties, particle shape, and any additional particle properties, could be analysed in both 

the GIS spatial analysis and macrophage cell analysis.  

For future investigation on the macrophage analysis of the potential inflammatory pathway, 

the study could be expanded through the addition of stimuli at different concentrations, using 

multiple sources of the same mineral, and soil samples from both podoconiosis endemic and 

non-endemic regions.  

Finally for the remote sensing analysis the current study was limited to using synthetic 

spectra as real hyperspectral data was not obtainable over the whole study site. As the global 

coverage of hyperspectral data increases the application of the remote sensing method using 

mixed pixels, identified in chapter 6, could be carried out on real hyperspectral data, 
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immediately transforming the proof of concept modelling approach presented in this thesis 

to an applied health mapping tool.  
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8) CHAPTER 8: CONCLUSION 

In conclusion, this study has successfully identified several potential podoconiosis 

associated soil variables in the North West region of Cameroon, investigated a potential 

inflammatory pathway of the disease, and has assessed the potential of spectral unmixing on 

hyperspectral data to determine the abundance of potential podoconiosis target soil variables.  

The study is the first of its kind to investigate, and publish, on North West Cameroon 

podoconiosis disease data and ground-sampled mineralogical and chemical soil point 

samples. The study identified the soil elements Ba, Be, K, Na, Rb, Sr and Tl and the minerals 

K-feldspar, quartz as associated with podoconiosis in North West Cameroon. 

Further to the spatial analysis in North West Cameroon, the study investigated a potential 

inflammatory pathway of podoconiosis. The inflammatory response of cells was measured 

when treated with mineral and soil stimuli which were identified in the spatial analysis and 

from the previous podoconiosis literature. The study revealed that the minerals kaolinite and 

smectite caused the greatest activation of the NLRP3 pathway, and are therefore the most 

likely potential activators of this inflammatory pathway, compared to the other minerals in 

the study. In addition, the mineral samples kaolinite and smectite had a greater percentage 

of smaller particles than the other minerals which could suggest that particle size of the 

minerals could have an impact on the strength of inflammasome activation. The NLRP3 

pathway has been linked with other sterile diseases which could have similar pathogenesis 

to podoconiosis.  

Moreover, the study concludes by successfully showing the potential to integrate high 

spectral-resolution data in determining the abundance of soil covariates over large spatial 

scales. It is identified through the synthetic study that minerals with distinct deep absorption 

features such as kaolinite can be predicted accurately when noise and vegetation coverage is 

very high. However, minerals which do not have distinct absorption features are predicted 

poorly in all levels of noise and vegetation. In addition, it was identified that the use of the 

pre-processing method, continuum removal, improved the prediction accuracy for most 

minerals when applied to data which contained no noise.  

The outcomes from this project provide a framework and methodology to assist in the 

prevention and eradication of this tropical neglected disease in endemic areas.
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Černý, P. (2002) 'Mineralogy of beryllium in granitic pegmatites', Reviews in Mineralogy and Geochemistry, 50(1), pp. 405-44. 

Dai, F., Zhou, Q., Lv, Z., Wang, X. and Liu, G. (2014) 'Spatial prediction of soil organic matter content integrating artificial neural network 

and ordinary kriging in Tibetan Plateau', Ecological Indicators, 45, pp. 184-194. 

Davey, G. (2009) 'Recent advances in podoconiosis', Annals of Tropical Medicine & Parasitology, 103(5), pp. 377-382. 

Davey, G. (2010) 'Podoconiosis, non-filarial elephantiasis, and lymphology', Lymphology, 43(4), pp. 168-177. 



 

 

239 

 

Davey, G., Bockarie, M., Wanji, S., Addiss, D., Fuller, C., Fox, L., Mycoskie, M., Gruin, M., Tsegaye, A. and Ayele, F. T. (2012) 'Launch 

of the international podoconiosis initiative', The Lancet, 379(9820), pp. 1004. 

Davey, G., GebreHanna, E., Adeyemo, A., Rotimi, C., Newport, M. and Desta, K. (2007) 'Podoconiosis: a tropical model for gene–

environment interactions?', Transactions of the Royal Society of Tropical Medicine and Hygiene, 101(1), pp. 91-96. 

Davey, G., Tekola, F. and Newport, M. J. (2007) 'Podoconiosis: non-infectious geochemical elephantiasis', Transactions of the Royal 

Society of Tropical Medicine and Hygiene, 101(12), pp. 1175-1180. 

De Boissieu, F., Sevin, B., Cudahy, T., Mangeas, M., Chevrel, S., Ong, C., Rodger, A., Maurizot, P., Laukamp, C. and Lau, I. (2018) 

'Regolith-geology mapping with support vector machine: A case study over weathered Ni-bearing peridotites, New Caledonia', International 

journal of applied earth observation and geoinformation, 64, pp. 377-385. 

De Lalla, F., Zanoni, P., Lunetta, Q. and Moltrasio, G. (1988) 'Endemic non-filarial elephantiasis in Iringa District, Tanzania: a study of 30 

patients', Transactions of the Royal Society of Tropical Medicine and Hygiene, 82(6), pp. 895-897. 

Degerickx, J., Okujeni, A., Iordache, M.-D., Hermy, M., Van der Linden, S. and Somers, B. (2017) 'A novel spectral library pruning 

technique for spectral unmixing of urban land cover', Remote Sensing, 9(6), pp. 565. 

Deilami, K., Hayes, J. F., McGree, J. and Goonetilleke, A. (2017) 'Application of landscape epidemiology to assess potential public health 

risk due to poor sanitation', Journal of environmental management, 192, pp. 124-133. 

Deribe, K., Beng, A. A., Cano, J., Njouendo, A. J., Fru-Cho, J., Awah, A. R., Eyong, M. E., Ndongmo, P. W. C., Giorgi, E. and Pigott, D. 

M. (2018a) 'Mapping the geographical distribution of podoconiosis in Cameroon using parasitological, serological, and clinical evidence to 

exclude other causes of lymphedema', PLoS neglected tropical diseases, 12(1), pp. e0006126. 

Deribe, K., Brooker, S. J., Pullan, R. L., Hailu, A., Enquselassie, F., Reithinger, R., Newport, M. and Davey, G. (2013) 'Spatial Distribution 

of Podoconiosis in Relation to Environmental Factors in Ethiopia: A Historical Review', PLOS ONE, 8(7), pp. e68330. 

Deribe, K., Brooker, S. J., Pullan, R. L., Sime, H., Gebretsadik, A., Assefa, A., Kebede, A., Hailu, A., Rebollo, M. P. and Shafi, O. (2015a) 

'Epidemiology and individual, household and geographical risk factors of podoconiosis in Ethiopia: results from the first nationwide 

mapping', The American journal of tropical medicine and hygiene, 92(1), pp. 148-58. 

Deribe, K., Cano, J., Giorgi, E., Pigott, D. M., Golding, N., Pullan, R. L., Noor, A. M., Cromwell, E. A., Osgood‐Zimmerman, A. and 

Enquselassie, F. (2017) 'Estimating the number of cases of podoconiosis in Ethiopia using geostatistical methods', Wellcome Open 

Research, 2. 

Deribe, K., Cano, J., Newport, M. J., Golding, N., Pullan, R. L., Sime, H., Gebretsadik, A., Assefa, A., Kebede, A. and Hailu, A. (2015b) 

'Mapping and modelling the geographical distribution and environmental limits of podoconiosis in Ethiopia', PLoS neglected tropical 

diseases, 9(7), pp. e0003946. 

Deribe, K., Cano, J., Njouendou, A. J., Eyong, M. E., Beng, A. A., Giorgi, E., Pigott, D. M., Pullan, R. L., Noor, A. M., Enquselassie, F., 

Murray, C. J. L., Hay, S. I., Newport, M. J., Davey, G. and Wanji, S. (2018b) 'Predicted distribution and burden of podoconiosis in 

Cameroon', BMJ Global Health, 3(3), pp. e000730. 

Deribe, K., Florence, L., Kelemework, A., Getaneh, T., Tsegay, G., Cano, J., Giorgi, E., Newport, M. J. and Davey, G. (2020a) 'Developing 

and validating a clinical algorithm for the diagnosis of podoconiosis', Transactions of The Royal Society of Tropical Medicine and Hygiene, 

114(12), pp. 916-925. 

Deribe, K., Mbituyumuremyi, A., Cano, J., Bosco, M. J., Giorgi, E., Ruberanziza, E., Bayisenge, U., Leonard, U., Bikorimana, J. P. and 

Rucogoza, A. (2019) 'Geographical distribution and prevalence of podoconiosis in Rwanda: a cross-sectional country-wide survey', The 

Lancet Global Health, 7(5), pp. e671-e680. 

Deribe, K., Negussu, N., Newport, M. J., Davey, G. and Turner, H. C. (2020b) 'The health and economic burden of podoconiosis in 

Ethiopia', Transactions of the Royal Society of Tropical Medicine and Hygiene, 114(4), pp. 284-292. 

Deribe, K., Wanji, S., Shafi, O., Tukahebwa, E. M., Umulisa, I., Molyneux, D. H. and Davey, G. (2015c) 'The feasibility of eliminating 

podoconiosis', Bulletin of the World Health Organization, 93(10), pp. 712-718. 

Destas, K., Ashine, M. and Davey, G. (2003) 'Prevalence of podoconiosis (endemic non-filarial elephantiasis) in Wolaitta, Southern 

Ethiopia', Tropical Doctor, 33(4), pp. 217-220. 

Dinarello, C. A. (2000) 'Proinflammatory cytokines', Chest, 118(2), pp. 503-508. 

Diniz-Filho, J. A. F., Nabout, J. C., Telles, M. P. d. C., Soares, T. N. and Rangel, T. F. L. (2009) 'A review of techniques for spatial 

modeling in geographical, conservation and landscape genetics', Genetics and molecular Biology, 32(2), pp. 203-211. 

Dobigeon, N., Altmann, Y., Brun, N. and Moussaoui, S. (2016) 'Linear and nonlinear unmixing in hyperspectral imaging',  Data handling in 

science and technology: Elsevier, pp. 185-224. 

Dobigeon, N., Moussaoui, S., Coulon, M., Tourneret, J.-Y. and Hero, A. O. (2009) 'Joint Bayesian endmember extraction and linear 

unmixing for hyperspectral imagery', IEEE Transactions on Signal Processing, 57(11), pp. 4355-4368. 



 

 

240 

 

Dobigeon, N., Tits, L., Somers, B., Altmann, Y. and Coppin, P. (2014) 'A comparison of nonlinear mixing models for vegetated areas using 

simulated and real hyperspectral data', IEEE Journal of Selected Topics in Applied Earth Observations and Remote Sensing, 7(6), pp. 1869-

1878. 

Dobos, E., Montanarella, L., Nègre, T. and Micheli, E. (2001) 'A regional scale soil mapping approach using integrated AVHRR and DEM 

data', International Journal of Applied Earth Observation and Geoinformation, 3(1), pp. 30-42. 

Doshi, N. and Mitragotri, S. (2010) 'Needle-shaped polymeric particles induce transient disruption of cell membranes', Journal of the Royal 

Society Interface, 7(suppl_4), pp. S403-S410. 

Dostert, C., Pétrilli, V., Van Bruggen, R., Steele, C., Mossman, B. T. and Tschopp, J. (2008) 'Innate immune activation through Nalp3 

inflammasome sensing of asbestos and silica', Science, 320(5876), pp. 674-677. 

Drinker, C. K., Field, M. E. and Homans, J. (1934) 'The experimental production of edema and elephantiasis as a result of lymphatic 

obstruction', American Journal of Physiology-Legacy Content, 108(3), pp. 509-520. 

Drumetz, L., Tochon, G., Chanussot, J. and Jutten, C. 'Estimating the number of endmembers to use in spectral unmixing of hyperspectral 

data with collaborative sparsity'. International Conference on Latent Variable Analysis and Signal Separation: Springer, 381-391. 

Duncanson, L., Neuenschwander, A., Hancock, S., Thomas, N., Fatoyinbo, T., Simard, M., Silva, C. A., Armston, J., Luthcke, S. B. and 

Hofton, M. (2020) 'Biomass estimation from simulated GEDI, ICESat-2 and NISAR across environmental gradients in Sonoma County, 

California', Remote Sensing of Environment, 242, pp. 111779. 

Eggleton, R. A., Foudoulis, C. and Varkevisser, D. (1987) 'Weathering of basalt: changes in rock chemistry and mineralogy', Clays and Clay 

Minerals, 35(3), pp. 161-169. 

Eldeiry, A. A. and Garcia, L. A. (2012) 'Evaluating the performance of ordinary kriging in mapping soil salinity', Journal of Irrigation and 

Drainage Engineering, 138(12), pp. 1046-1059. 

Eldridge, B. F. and Edman, J. D. (2012) Medical entomology: a textbook on public health and veterinary problems caused by arthropods. 

Springer Science & Business Media. 

Elliott, P. and Wartenberg, D. (2004) 'Spatial epidemiology: current approaches and future challenges', Environmental health perspectives, 

112(9), pp. 998. 

Elvidge, C. D. (1990) 'Visible and near infrared reflectance characteristics of dry plant materials', Remote Sensing, 11(10), pp. 1775-1795. 

Emmons 3rd, A. B. (1938) 'Mapping in the Nanda Devi Basin', Geographical Review, pp. 59-67. 

Engdawork, K., Davey, G., Ayode, D., McBride, C. M. and Tadele, G. (2020) 'A cross-sectional survey to assess the risk factors associated 

with stigmatizing attitudes towards patients with podoconiosis among rural youth in southern Ethiopia', Transactions of The Royal Society of 

Tropical Medicine and Hygiene, 114(12), pp. 995-1002. 

Ertürk, A., Iordache, M.-D. and Plaza, A. (2015) 'Sparse unmixing-based change detection for multitemporal hyperspectral images', IEEE 

Journal of Selected Topics in Applied Earth Observations and Remote Sensing, 9(2), pp. 708-719. 

ESRI (2016) What is Empirical Bayesian kriging?â€ ” Help | ArcGIS for Desktop. Available at: 

http://desktop.arcgis.com/en/arcmap/10.3/guide-books/extensions/geostatistical-analyst/what-is-empirical-bayesian-kriging-.htm (Accessed: 

29/04/19). 

ESRI (2018a) How inverse distance weighted interpolation works. Available at: https://pro.arcgis.com/en/pro-

app/help/analysis/geostatistical-analyst/how-inverse-distance-weighted-interpolation-works.htm (Accessed: 29/04/19). 

ESRI (2018b) The geostatistical workflow. Available at: http://pro.arcgis.com/en/pro-app/help/analysis/geostatistical-analyst/the-

geostatistical-workflow.htm (Accessed: 19/02/18). 

Etya'ale, D. (2001) 'Vision 2020: Update on onchocerciasis', Community eye health, 14(38), pp. 19. 

Fabijańczyk, P., Zawadzki, J. and Magiera, T. (2017) 'Magnetometric assessment of soil contamination in problematic area using empirical 

Bayesian and indicator kriging: A case study in Upper Silesia, Poland', Geoderma, 308, pp. 69-77. 

Farina, R., Marchetti, A., Francaviglia, R., Napoli, R. and Di Bene, C. (2017) 'Modeling regional soil C stocks and CO2 emissions under 

Mediterranean cropping systems and soil types', Agriculture, ecosystems & environment, 238, pp. 128-41. 

Fefferman, N. H., O'Neil, E. A. and Naumova, E. N. (2005) 'Confidentiality and confidence: is data aggregation a means to achieve both?', 

Journal of public health policy, 26(4), pp. 430-449. 

Feingersh, T. and Dor, E. B. (2015) 'SHALOM–A commercial hyperspectral space mission', Optical payloads for space missions, 247. 

Fereydooni, H., Moradzadeh, A., Pahlavani, P. and Mojeddifar, S. (2020) 'Full unmixing hydrothermal alteration minerals mapping by 

integration of pattern recognition network and directed matched filtering algorithm', Earth Science Informatics, 13(2), pp. 417-431. 

Finzgar, N., Jez, E., Voglar, D. and Lestan, D. (2014) 'Spatial distribution of metal contamination before and after remediation in the Meza 

Valley, Slovenia', Geoderma, 217, pp. 135-143. 

http://desktop.arcgis.com/en/arcmap/10.3/guide-books/extensions/geostatistical-analyst/what-is-empirical-bayesian-kriging-.htm
https://pro.arcgis.com/en/pro-app/help/analysis/geostatistical-analyst/how-inverse-distance-weighted-interpolation-works.htm
https://pro.arcgis.com/en/pro-app/help/analysis/geostatistical-analyst/how-inverse-distance-weighted-interpolation-works.htm
http://pro.arcgis.com/en/pro-app/help/analysis/geostatistical-analyst/the-geostatistical-workflow.htm
http://pro.arcgis.com/en/pro-app/help/analysis/geostatistical-analyst/the-geostatistical-workflow.htm


 

 

241 

 

Folkman, M. A., Pearlman, J., Liao, L. B. and Jarecke, P. J. 'EO-1/Hyperion hyperspectral imager design, development, characterization, 

and calibration'. Hyperspectral Remote Sensing of the Land and Atmosphere: International Society for Optics and Photonics, 40-51. 

Fontenot, A. P., Falta, M. T., Kappler, J. W., Dai, S. and McKee, A. S. (2016) 'Beryllium-induced hypersensitivity: genetic susceptibility 

and neoantigen generation', The Journal of Immunology, 196(1), pp. 22-27. 

Foody, G. M. and Arora, M. K. (1996) 'Incorporating mixed pixels in the training, allocation and testing stages of supervised classifications', 

Pattern Recognition Letters, 17(13), pp. 1389-1398. 

Forbang, L. E., Amungwa, F. and Lengha, T. N. (2019) 'Famers perceptions on effectiveness of extension delivery approaches to Mbororo 

female livestock farmers in North-West Region Cameroon', Journal of Agricultural Extension and Rural Development, 11(3), pp. 48-55. 

Ford, T. W. and Quiring, S. M. (2014) 'Comparison and application of multiple methods for temporal interpolation of daily soil moisture', 

International Journal of Climatology, 34(8), pp. 2604-2621. 

Fornace, K. M., Abidin, T. R., Alexander, N., Brock, P., Grigg, M. J., Murphy, A., William, T., Menon, J., Drakeley, C. J. and Cox, J. 

(2016) 'Association between Landscape Factors and Spatial Patterns of Plasmodium knowlesi Infections in Sabah, Malaysia', Emerging 

infectious diseases, 22(2), pp. 201-8. 

Fricker Jr, R. D. and Burkom, H. S. (2021) 'Data aggregation in disease surveillance', Journal of Quality Technology, 53(1), pp. 38-43. 

Frommel, D., Ayranci, B., Pfeifer, H. R., Sanchez, A., Frommel, A. and Mengistu, G. (1993) 'Podoconiosis in the Ethiopian Rift Valley. 

Role of beryllium and zirconium', Trop Geogr Med, 45(4), pp. 165-7. 

Fuller, L. C. (2005) 'Podoconiosis: endemic nonfilarial elephantiasis', Current opinion in infectious diseases, 18(2), pp. 119-122. 

Fyfe, N. C. and Price, E. W. (1985) 'The effects of silica on lymph nodes and vessels–a possible mechanism in the pathogenesis of non-

filarial endemic elephantiasis', Trans R Soc Trop Med Hyg, 79. 

Gannouni, S., Rebai, N. and Abdeljaoued, S. (2012) 'A Spectroscopic Approach to Assess Heavy Metals', Journal of Geographic 

Information System, 4, pp. 242-253. 

García‐Haro, F., Sommer, S. and Kemper, T. (2005) 'A new tool for variable multiple endmember spectral mixture analysis (VMESMA)', 

International Journal of Remote Sensing, 26(10), pp. 2135-2162. 

Gebresilase, T., Finan, C., Suveges, D., Tessema, T. S., Aseffa, A., Davey, G., Hatzikotoulas, K., Zeggini, E., Newport, M. J. and Tekola-

Ayele, F. (2021) 'Replication of HLA class II locus association with susceptibility to podoconiosis in three Ethiopian ethnic groups', 

Scientific reports, 11(1), pp. 1-11. 

Getachew, T. and Churko, C. (2022) 'Prevalence of podoconiosis and its associated factors in Gamo zone, Southern Ethiopia, 2021', Journal 

of Foot and Ankle Research, 15(1), pp. 1-12. 

Gilbert, E. W. (1958) 'Pioneer maps of health and disease in England', The Geographical Journal, 124(2), pp. 172-183. 

Gislam, H., Burnside, N., Brolly, M., Deribe, K., Davey, G., Wanji, S., Suh, C. E., Kemp, S., Watts, M. and Le Blond, J. (2020) 'Linking 

soils and human health: geospatial analysis of ground-sampled soil data in relation to community-level podoconiosis data in North West 

Cameroon', Transactions of The Royal Society of Tropical Medicine and Hygiene, 114(12), pp. 937-946. 

Goldberg, D. W., Wilson, J. P. and Knoblock, C. A. (2007) 'From text to geographic coordinates: the current state of geocoding', URISA-

WASHINGTON DC-, 19(1), pp. 33. 

Gomez, C. and Lagacherie, P. (2016) 'Mapping of primary soil properties using optical visible and near infrared (Vis-NIR) remote sensing',  

Land surface remote sensing in agriculture and forest: Elsevier, pp. 1-35. 

Gomez, C., Rossel, R. A. V. and McBratney, A. B. (2008) 'Soil organic carbon prediction by hyperspectral remote sensing and field vis-NIR 

spectroscopy: An Australian case study', Geoderma, 146(3-4), pp. 403-411. 

Goovaerts, P. (1997) 'Geostatistics for natural resources evaluation. Oxford Univ. Press, New York', Geostatistics for natural resources 

evaluation. Oxford Univ. Press, New York., pp. -. 

Goudge, T. A., Mustard, J. F., Head, J. W., Salvatore, M. R. and Wiseman, S. M. (2015) 'Integrating CRISM and TES hyperspectral data to 

characterize a halloysite-bearing deposit in Kashira crater, Mars', Icarus, 250, pp. 165-187. 

Govender, M., Chetty, K. and Bulcock, H. (2007) 'A review of hyperspectral remote sensing and its application in vegetation and water 

resource studies', Water Sa, 33(2). 

Grimm, I., Garben, N., Dreier, J., Knabbe, C. and Vollmer, T. (2017) 'Transcriptome analysis of Streptococcus gallolyticus subsp. 

gallolyticus in interaction with THP-1 macrophage-like cells', PLoS one, 12(7), pp. e0180044. 

Grünfeld, K. (2005) 'Dealing with outliers and censored values in multi-element geochemical data–a visualization approach using 

XmdvTool', Applied Geochemistry, 20(2), pp. 341-352. 

Guarini, R., Loizzo, R., Longo, F., Mari, S., Scopa, T. and Varacalli, G. 'Overview of the prisma space and ground segment and its 

hyperspectral products'. 2017 IEEE International Geoscience and Remote Sensing Symposium (IGARSS): IEEE, 431-434. 

Guerra, C. A., Snow, R. W. and Hay, S. I. (2006) 'Mapping the global extent of malaria in 2005', Trends in parasitology, 22(8), pp. 353-358. 



 

 

242 

 

Guerschman, J. P., Scarth, P. F., McVicar, T. R., Renzullo, L. J., Malthus, T. J., Stewart, J. B., Rickards, J. E. and Trevithick, R. (2015) 

'Assessing the effects of site heterogeneity and soil properties when unmixing photosynthetic vegetation, non-photosynthetic vegetation and 

bare soil fractions from Landsat and MODIS data', Remote Sensing of Environment, 161, pp. 12-26. 

Guha, A. and Kumar, V. (2016) 'New ASTER derived thermal indices to delineate mineralogy of different granitoids of an Archaean Craton 

and analysis of their potentials with reference to Ninomiya's indices for delineating quartz and mafic minerals of granitoids—An analysis in 

Dharwar Craton, India', Ore Geology Reviews, 74, pp. 76-87. 

Gunnink, J. and Burrough, A. (2019) 'Interactive spatial analysis of soil attribute patterns using exploratory data analysis (EDA) and GIS', 

Spatial Analysis Perspectives on GIS, pp. 87-99. 

Guo, Y. and Zeng, F. (2012) 'Atmospheric correction comparison of SPOT-5 image based on model FLAASH and model QUAC', 

International Archives of the Photogrammetry, Remote Sensing and Spatial Information Sciences, 39(7), pp. 21-23. 

Gupta, R. P. (2018) 'Imaging Spectroscopy',  Remote Sensing Geology: Springer, pp. 203-219. 

Guthrie Jr, G. D. (1997) 'Mineral properties and their contributions to particle toxicity', Environmental Health Perspectives, 105(Suppl 5), 

pp. 1003. 

Ha, H., Olson, J. R., Bian, L. and Rogerson, P. A. (2014) 'Analysis of heavy metal sources in soil using kriging interpolation on principal 

components', Environmental science & technology, 48(9), pp. 4999-5007. 

Haest, M., Cudahy, T., Rodger, A., Laukamp, C., Martens, E. and Caccetta, M. (2013) 'Unmixing the effects of vegetation in airborne 

hyperspectral mineral maps over the Rocklea Dome iron-rich palaeochannel system (Western Australia)', Remote Sensing of Environment, 

129, pp. 17-31. 

Haining, R. (1993) Spatial data analysis in the social and environmental sciences. Cambridge University Press. 

Halimi, A., Altmann, Y., Dobigeon, N. and Tourneret, J.-Y. (2011a) 'Nonlinear unmixing of hyperspectral images using a generalized 

bilinear model', IEEE Transactions on Geoscience and Remote Sensing, 49(11), pp. 4153-4162. 

Halimi, A., Altmann, Y., Dobigeon, N. and Tourneret, J.-Y. 'Unmixing hyperspectral images using the generalized bilinear model'. 2011 

IEEE International Geoscience and Remote Sensing Symposium: IEEE, 1886-1889. 

Hall, J. (1984) 'Studies on the adjuvant action of beryllium. I. Effects on individual lymph nodes', Immunology, 53(1), pp. 105. 

Hao, D., Yao, Y., Fu, J., Michalski, J. R. and Song, K. (2020) 'The Laboratory-Based HySpex Features of Chlorite as the Exploration Tool 

for High-Grade Iron Ore in Anshan-Benxi Area, Liaoning Province, Northeast China', Applied Sciences, 10(21), pp. 7444. 

Hapke, B. (1981) 'Bidirectional reflectance spectroscopy: 1. Theory', Journal of Geophysical Research: Solid Earth, 86(B4), pp. 3039-3054. 

Hapke, B. (1993) Theory of reflectance and emittance spectroscopy. Cambridge: Cambridge Univ. Press. 

Hapke, B. (2008) 'Bidirectional reflectance spectroscopy: 6. Effects of porosity', Icarus, 195(2), pp. 918-926. 

Hapke, B. (2012) Theory of reflectance and emittance spectroscopy. Cambridge university press. 

Harder, J., Franchi, L., Muñoz-Planillo, R., Park, J.-H., Reimer, T. and Núñez, G. (2009) 'Activation of the Nlrp3 inflammasome by 

Streptococcus pyogenes requires streptolysin O and NF-κB activation but proceeds independently of TLR signaling and P2X7 receptor', The 

Journal of Immunology, 183(9), pp. 5823-5829. 

Harrell, F. E. (2015) 'Binary logistic regression',  Regression modeling strategies: Springer, pp. 219-274. 

Harvey, R., Powell, J. J. and Thompson, R. P. H. (1996) 'A review of the geochemical factors linked to podoconiosis', Geol Soc Lond, Spec 

Publ, 113. 

Hay, S. (2000) 'An overview of remote sensing and geodesy for epidemiology and public health application', Advances in parasitology, 47, 

pp. 1-35. 

Haynes, R., Daras, K., Reading, R. and Jones, A. (2007) 'Modifiable neighbourhood units, zone design and residents’ perceptions ', Health & 

place, 13(4), pp. 812-825. 

He, Y., Yang, J. and Guo, X. (2020) 'Green vegetation cover dynamics in a heterogeneous grassland: Spectral unmixing of landsat time 

series from 1999 to 2014', Remote Sensing, 12(22), pp. 3826. 

Healey, G. and Slater, D. (1999) 'Models and methods for automated material identification in hyperspectral imagery acquired under 

unknown illumination and atmospheric conditions', IEEE Transactions on Geoscience and Remote Sensing, 37(6), pp. 2706-2717. 

Heather, C. and Price, E. (1972) 'Non-filarial elephantiasis in Ethiopia analytical study of inorganic material in lymph nodes', Transactions 

of the Royal Society of Tropical Medicine and Hygiene, 66(3), pp. 450-458. 

Hecker, C., Van der Meijde, M. and Van der Meer, F. D. (2010) 'Thermal infrared spectroscopy on feldspars—Successes, limitations and 

their implications for remote sensing', Earth-Science Reviews, 103(1-2), pp. 60-70. 

Heinz, D. C. (2001) 'Fully constrained least squares linear spectral mixture analysis method for material quantification in hyperspectral 

imagery', IEEE transactions on geoscience and remote sensing, 39(3), pp. 529-545. 



 

 

243 

 

Heller Pearlshtien, D., Pignatti, S., Greisman-Ran, U. and Ben-Dor, E. (2021) 'PRISMA sensor evaluation: a case study of mineral mapping 

performance over Makhtesh Ramon, Israel', International Journal of Remote Sensing, 42(15), pp. 5882-5914. 

Hendy, J. (1784) A Treatise on the Glandular Disease of Barbadoes: Proving it to be Seated in the Lymphatic System. C. Dilly. 

Henok, L. and Davey, G. (2008) 'Validation of the Dermatology Life Quality Index among patients with podoconiosis in southern Ethiopia', 

British Journal of Dermatology, 159(4), pp. 903-906. 

Heylen, R., Burazerovic, D. and Scheunders, P. (2011) 'Fully constrained least squares spectral unmixing by simplex projection', IEEE 

Transactions on Geoscience and Remote Sensing, 49(11), pp. 4112-4122. 

Heylen, R., Parente, M. and Gader, P. (2014) 'A review of nonlinear hyperspectral unmixing methods', IEEE Journal of Selected Topics in 

Applied Earth Observations and Remote Sensing, 7(6), pp. 1844-1868. 

Heylen, R. and Scheunders, P. (2014) 'A distance geometric framework for nonlinear hyperspectral unmixing', IEEE Journal of Selected 

Topics in Applied Earth Observations and Remote Sensing, 7(6), pp. 1879-1888. 

Heylen, R. and Scheunders, P. (2015) 'A multilinear mixing model for nonlinear spectral unmixing', IEEE transactions on geoscience and 

remote sensing, 54(1), pp. 240-251. 

Heywood, I. (1990) 'Geographic information systems in the social sciences; commentary', Environment and Planning A, 22, pp. 849-852. 

Heywood, I., Cornelius, S., Carver, S. and Dawsonera (2011) An introduction to geographical information systems. 4th edn. Harlow: 

Prentice Hall. 

Hirsch, A. (1883) Handbook of geographical and historical pathology. New Sydenham Society. 

Hochberg, J. and Tamhane, A. C. (1987) Multiple comparison procedures: John Wiley & Sons. 

Holm, S. (1979) 'A simple sequentially rejective multiple test procedure', Scandinavian journal of statistics, pp. 65-70. 

Hommel, G. (1988) 'A stagewise rejective multiple test procedure based on a modified Bonferroni test', Biometrika, 75(2), pp. 383-386. 

Hong, E. P. and Park, J. W. (2012) 'Sample size and statistical power calculation in genetic association studies', Genomics & informatics, 

10(2), pp. 117. 

Hou, D., O'Connor, D., Nathanail, P., Tian, L. and Ma, Y. (2017) 'Integrated GIS and multivariate statistical analysis for regional scale 

assessment of heavy metal soil contamination: A critical review', Environmental Pollution, 231, pp. 1188-1200. 

Hunt, G. R. (1970) 'Visible and near-infrared spectra of minerals and rocks: I silicate minerals', Modern geology, 1, pp. 283-300. 

Hunt, G. R. (1977) 'Spectral signatures of particulate minerals in the visible and near infrared', Geophysics, 42(3), pp. 501-513. 

Ifarraguerri, A. and Chang, C.-I. (1999) 'Multispectral and hyperspectral image analysis with convex cones', IEEE transactions on 

geoscience and remote sensing, 37(2), pp. 756-770. 

Imbiriba, T., Bermudez, J. C. M., Richard, C. and Tourneret, J.-Y. (2015) 'Nonparametric detection of nonlinearly mixed pixels and 

endmember estimation in hyperspectral images', IEEE Transactions on Image Processing, 25(3), pp. 1136-1151. 

Imbiriba, T., Borsoi, R. A. and Bermudez, J. C. M. 'Generalized linear mixing model accounting for endmember variability'. 2018 IEEE 

International Conference on Acoustics, Speech and Signal Processing (ICASSP): IEEE, 1862-1866. 

Iordache, M.-D., Bioucas-Dias, J. M. and Plaza, A. (2011) 'Sparse unmixing of hyperspectral data', IEEE Transactions on Geoscience and 

Remote Sensing, 49(6), pp. 2014-2039. 

Isaaks, E. H. and Srivastava, M. R. (1989) Applied geostatistics. 

Itoh, Y. and Iwasaki, A. 'Enhancement of hyperspectral unmixing using continuum removal'. 2013 IEEE International Geoscience and 

Remote Sensing Symposium-IGARSS: IEEE, 445-448. 

Jarcho, S. (1970) 'Yellow fever, cholera, and the beginnings of medical cartography', Journal of the history of medicine and allied sciences, 

25(2), pp. 131-142. 

Jelinski, D. E. and Wu, J. (1996) 'The modifiable areal unit problem and implications for landscape ecology', Landscape ecology, 11(3), pp. 

129-140. 

Jiang, B., Xu, W., Zhang, D., Nie, F. and Sun, Q. (2022) 'Contrasting multiple deterministic interpolation responses to different spatial scale 

in prediction soil organic carbon: A case study in Mollisols regions', Ecological Indicators, 134, pp. 108472. 

Jiang, X., Gong, M., Zhan, T. and Li, H. (2021) 'Geodesic simplex based multiobjective endmember extraction for nonlinear hyperspectral 

mixtures', Information Sciences, 577, pp. 398-423. 

Johnson, P. A., Sieber, R., Scassa, T., Stephens, M. and Robinson, P. (2017) 'The Cost (s) of Geospatial Open Data', Transactions in GIS, 

21(3), pp. 434-445. 

Johnston, K., Ver Hoef, J. M., Krivoruchko, K. and Lucas, N. (2001) Using ArcGIS geostatistical analyst. Esri Redlands. 

Joy, E. J., Broadley, M. R., Young, S. D., Black, C. R., Chilimba, A. D., Ander, E. L., Barlow, T. S. and Watts, M. J. (2015) 'Soil type 

influences crop mineral composition in Malawi', Science of the Total Environment, 505, pp. 587-595. 



 

 

244 

 

Karki, R. and Igwe, O. J. (2013) 'Toll-like receptor 4–mediated nuclear factor kappa B activation is essential for sensing exogenous oxidants 

to propagate and maintain oxidative/Nitrosative cellular stress', PloS one, 8(9), pp. e73840. 

Karwariya, S., Dey, P., Bhogal, N. S., Kanga, S. and Singh, S. K. (2021) 'A Comparative Study of Interpolation Methods for Mapping Soil 

Properties: A Case Study of Eastern Part of Madhya Pradesh, India',  Recent Technologies for Disaster Management and Risk Reduction: 

Springer, pp. 431-449. 

Kazansky, Y., Wood, D. and Sutherlun, J. (2016) 'The current and potential role of satellite remote sensing in the campaign against malaria', 

Acta Astronautica, 121, pp. 292-305. 

Kemp, S., Smith, F., Wagner, D., Mounteney, I., Bell, C., Milne, C., Gowing, C. and Pottas, T. (2016a) 'An improved approach to 

characterize potash-bearing evaporite deposits, evidenced in North Yorkshire, United Kingdom', Economic Geology, 111(3), pp. 719-742. 

Kemp, S. J., Ellis, M. A., Mounteney, I. and Kender, S. (2016b) 'Palaeoclimatic implications of high-resolution clay mineral assemblages 

preceding and across the onset of the Palaeocene–Eocene Thermal Maximum, North Sea Basin', Clay Minerals, 51(5), pp. 793-813. 

Kent, M. and Coker, P. (1992) Vegetation description and analysis: a practical approach. Chichester: John Wiley & Sons. 

Keshava, N., Kerekes, J. P., Manolakis, D. G. and Shaw, G. A. 'Algorithm taxonomy for hyperspectral unmixing'. Algorithms for 

Multispectral, Hyperspectral, and Ultraspectral Imagery VI: International Society for Optics and Photonics, 42-63. 

Keshava, N. and Mustard, J. F. (2002) 'Spectral unmixing', IEEE signal processing magazine, 19(1), pp. 44-57. 

Kierszenbaum, A. L. and Tres, L. (2015) Histology and cell biology: an introduction to pathology E-book. Elsevier Health Sciences. 

Kindt, T. J., Goldsby, R. A., Osborne, B. A. and Kuby, J. (2007) Kuby immunology. 6th edn. New York: Freeman. 

Kinoshita, T., Imamura, R., Kushiyama, H. and Suda, T. (2015) 'NLRP3 mediates NF-κB activation and cytokine induction in microbially 

induced and sterile inflammation', PLoS One, 10(3), pp. e0119179. 

Kleinschmidt, I., Bagayoko, M., Clarke, G., Craig, M. and Le Sueur, D. (2000) 'A spatial statistical approach to malaria mapping', 

International Journal of Epidemiology, 29(2), pp. 355-361. 

Kleisiaris, C. F., Sfakianakis, C. and Papathanasiou, I. V. (2014) 'Health care practices in ancient Greece: The Hippocratic ideal', Journal of 

medical ethics and history of medicine, 7. 

Klemas, V. (2012) 'Remote sensing of algal blooms: an overview with case studies', Journal of coastal research, 28(1A), pp. 34-43. 

Koirala, B., Khodadadzadeh, M., Contreras, C., Zahiri, Z., Gloaguen, R. and Scheunders, P. (2019) 'A supervised method for nonlinear 

hyperspectral unmixing', Remote Sensing, 11(20), pp. 2458. 

Kounadi, O., Lampoltshammer, T. J., Leitner, M. and Heistracher, T. (2013) 'Accuracy and privacy aspects in free online reverse geocoding 

services', Cartography and Geographic Information Science, 40(2), pp. 140-153. 

Kraemer, M. U., Hay, S. I., Pigott, D. M., Smith, D. L., Wint, G. W. and Golding, N. (2016) 'Progress and challenges in infectious disease 

cartography', Trends in parasitology, 32(1), pp. 19-29. 

Kremezi, M., Kristollari, V., Karathanassi, V., Topouzelis, K., Kolokoussis, P., Taggio, N., Aiello, A., Ceriola, G., Barbone, E. and Corradi, 

P. (2021) 'Pansharpening PRISMA Data for Marine Plastic Litter Detection Using Plastic Indexes', IEEE Access, 9, pp. 61955-61971. 

Kristof, S. (1971) 'Preliminary multispectral studies of soils', Journal of soil and water conservation. 

Kristof, S. and Zachary, A. 'Mapping soil features from multispectral scanner data: 10F, 3T, 3R. PHOTOGRAM. ENG. V40, N12, DEC. 

1974, P1427–1434'. International Journal of Rock Mechanics and Mining Sciences & Geomechanics Abstracts: Pergamon, 69. 

Krivoruchko, K. (2011) Spatial statistical data analysis for GIS users. Esri Press Redlands. 

Krivoruchko, K. (2012) Empirical Bayesian Kriging: ESRI. Available at: https://www.esri.com/news/arcuser/1012/empirical-byesian-

kriging.html (Accessed: 10.07.20). 

Kruse, F. A., Boardman, J. W. and Huntington, J. F. (2003) 'Comparison of airborne hyperspectral data and EO-1 Hyperion for mineral 

mapping', IEEE transactions on Geoscience and Remote Sensing, 41(6), pp. 1388-1400. 

Kumaraswami, V. (2000) 'The clinical manifestations of lymphatic filariasis',  Lymphatic filariasis: World Scientific, pp. 103-125. 

Kwan, M.-P., Casas, I. and Schmitz, B. (2004) 'Protection of geoprivacy and accuracy of spatial information: how effective are geographical 

masks?', Cartographica: The International Journal for Geographic Information and Geovisualization, 39(2), pp. 15-28. 

Lamkanfi, M. and Dixit, V. M. (2009) 'The inflammasomes', PLoS Pathog, 5(12), pp. e1000510. 

Lark, R. (2000) 'A comparison of some robust estimators of the variogram for use in soil survey', European Journal of Soil Science, 51(1), 

pp. 137-157. 

Laukamp, C., Rodger, A., LeGras, M., Lampinen, H., Lau, I. C., Pejcic, B., Stromberg, J., Francis, N. and Ramanaidou, E. (2021) 'Mineral 

physicochemistry underlying feature-based extraction of mineral abundance and composition from shortwave, mid and thermal infrared 

reflectance spectra', Minerals, 11(4), pp. 347. 

Lawrence, T. (2009) 'The nuclear factor NF-kappaB pathway in inflammation', Cold Spring Harbor perspectives in biology, 1(6), pp. 

a001651-a001651. 

https://www.esri.com/news/arcuser/1012/empirical-byesian-kriging.html
https://www.esri.com/news/arcuser/1012/empirical-byesian-kriging.html


 

 

245 

 

Lawson, C. and Hanson, R. (1974) 'Solving Least Squares Problems, Prentice-Hall, Inc., Englewood Cliffs'. 

Le Blond, J. S., Baxter, P. J., Bello, D., Raftis, J., Molla, Y. B., Cuadros, J. and Davey, G. (2017) 'Haemolytic activity of soil from areas of 

varying podoconiosis endemicity in Ethiopia', PloS one, 12(5), pp. e0177219. 

Le Bras, A. and Erard, S. (2003) 'Reflectance spectra of regolith analogs in the mid-infrared: effects of grain size', Planetary and Space 

Science, 51(4-5), pp. 281-294. 

Lepot, M., Aubin, J.-B. and Clemens, F. H. (2017) 'Interpolation in Time Series: An Introductive Overview of Existing Methods, Their 

Performance Criteria and Uncertainty Assessment', Water, 9(10), pp. 796. 

Li, J. and Bioucas-Dias, J. M. 'Minimum volume simplex analysis: A fast algorithm to unmix hyperspectral data'. IGARSS 2008-2008 IEEE 

International Geoscience and Remote Sensing Symposium: IEEE, III-250-III-253. 

Li, L., Yao, X., Stolkin, R., Gong, M. and He, S. (2013) 'An evolutionary multiobjective approach to sparse reconstruction', IEEE 

Transactions on Evolutionary Computation, 18(6), pp. 827-845. 

Li, M., Zhu, F. and Guo, A. J. 'A Robust Multilinear Mixing Model with l 2, 1 norm for Unmixing Hyperspectral Images'. 2020 IEEE 

International Conference on Visual Communications and Image Processing (VCIP): IEEE, 193-196. 

Licciardi, G. A. and Del Frate, F. (2011) 'Pixel unmixing in hyperspectral data by means of neural networks', IEEE transactions on 

Geoscience and remote sensing, 49(11), pp. 4163-4172. 

Light, R. U. (1944) 'The progress of medical geography', Geographical review, 34(4), pp. 636-641. 

Lillesand, T., Kiefer, R. W. and Chipman, J. (2014) Remote sensing and image interpretation. John Wiley & Sons. 

Lin, G.-F. and Chen, L.-H. (2004) 'A spatial interpolation method based on radial basis function networks incorporating a semivariogram 

model', Journal of Hydrology, 288(3-4), pp. 288-298. 

Lin, H. and Zhang, X. (2017) 'Retrieving the hydrous minerals on Mars by sparse unmixing and the Hapke model using MRO/CRISM data', 

Icarus, 288, pp. 160-171. 

Lingappan, K. (2018) 'NF-κB in oxidative stress', Current opinion in toxicology, 7, pp. 81-86. 

Liu, J., Luo, B., Douté, S. and Chanussot, J. (2018) 'Exploration of planetary hyperspectral images with unsupervised spectral unmixing: A 

case study of planet Mars', Remote Sensing, 10(5), pp. 737. 

Liu, R. and Zhu, X. (2020) 'Endmember bundle extraction based on multiobjective optimization', IEEE Transactions on Geoscience and 

Remote Sensing. 

Liu, T., Zhang, L., Joo, D. and Sun, S.-C. (2017) 'NF-κB signaling in inflammation', Signal transduction and targeted therapy, 2, pp. 17023. 

Lobell, D. B. and Asner, G. P. (2002) 'Moisture effects on soil reflectance', Soil Science Society of America Journal, 66(3), pp. 722-727. 

Logan, L. M., Hunt, G. R., Salisbury, J. W. and Balsamo, S. R. (1973) 'Compositional implications of Christiansen frequency maximums for 

infrared remote sensing applications', Journal of Geophysical Research, 78(23), pp. 4983-5003. 

Loizzo, R., Daraio, M., Guarini, R., Longo, F., Lorusso, R., Dini, L. and Lopinto, E. 'Prisma mission status and perspective'. IGARSS 2019-

2019 IEEE International Geoscience and Remote Sensing Symposium: IEEE, 4503-4506. 

Longley, P. (2005) Geographic information systems and science. 2nd edn. Chichester: Wiley. 

Lu, D., Moran, E. and Batistella, M. (2003) 'Linear mixture model applied to Amazonian vegetation classification', Remote sensing of 

environment, 87(4), pp. 456-469. 

Lu, Y., Yorke, C. and Zhan, F. B. (2012) 'Considering risk locations when defining perturbation zones for geomasking', Cartographica: The 

International Journal for Geographic Information and Geovisualization, 47(3), pp. 168-178. 

Lucey, P. G., Greenhagen, B., Donaldson Hanna, K., Bowles, N., Flom, A. and Paige, D. A. (2021) 'Christiansen Feature Map From the 

Lunar Reconnaissance Orbiter Diviner Lunar Radiometer Experiment: Improved Corrections and Derived Mineralogy', Journal of 

Geophysical Research: Planets, 126(6), pp. e2020JE006777. 

Lulla, K. (1985) 'Some observations on geobotanical remote sensing and mineral prospecting', Canadian Journal of Remote Sensing, 11(1), 

pp. 17-38. 

Lydia Mumbi, C. A. M. O. L. (2017) 'Application of Ordinary Kriging in Mapping Soil Organic Carbon in Zambia', 土壤圈：英文版, 

27(2), pp. 338-343. 

Lynch, K. M. and Cannon, W. (1948) 'Asbestosis: VI. analysis of forty necropsied cases', Diseases of the Chest, 14(6), pp. 874-889. 

Lyon, R. (1964) 'Evaluation of infrared spectrophotometry for compositional analysis of lunar and planetary soils. part ii-rough and 

powdered surfaces'. 

Ma, Z., Jia, G., Schaepman, M. E. and Zhao, H. (2020) 'Uncertainty analysis for topographic correction of hyperspectral remote sensing 

images', Remote Sensing, 12(4), pp. 705. 

Mahmoudabadi, E., Sarmadian, F., Savaghebi, G. and Alijani, Z. (2012) 'Accuracy assessment of geostatistical methods for zoning of heavy 

metals in soils of urban-industrial areas', Int. Res. J. Appl. Basic. Sci, 3, pp. 991-999. 



 

 

246 

 

Malley, D., Martin, P. and Ben-Dor, E. (2004) 'Application in analysis of soils', Near-infrared spectroscopy in agriculture, 

(nearinfraredspe), pp. 729-784. 

Malone, B., Wadoux, A. M.-C., McBratney, A. B., Fajardo, M. and Minasny, B. (2021) Soil Spectral Inference with R: Analysing Digital 

Soil Spectra Using the R Programming Environment. Springer Nature. 

Malvern-Instruments (2007) Mastersizer 2000 User Manual. England. 

Manson, P. (1894) 'Elephantiasis Arabum in the South Sea Islands', British Medical Journal, 1(1744), pp. 1186. 

Mariathasan, S., Weiss, D. S., Newton, K., McBride, J., O'Rourke, K., Roose-Girma, M., Lee, W. P., Weinrauch, Y., Monack, D. M. and 

Dixit, V. M. (2006) 'Cryopyrin activates the inflammasome in response to toxins and ATP', Nature, 440(7081), pp. 228. 

Martinon, F., Pétrilli, V., Mayor, A., Tardivel, A. and Tschopp, J. (2006) 'Gout-associated uric acid crystals activate the NALP3 

inflammasome', Nature, 440(7081), pp. 237. 

Martínez, P. J., Pérez, R. M., Plaza, A., Aguilar, P. L., Cantero, M. C. and Plaza, J. (2006) 'Endmember extraction algorithms from 

hyperspectral images', Annals of Geophysics, 49(1). 

Matthews, S. A. (1990) 'Epidemiology using a GIS: the need for caution', Computers, Environment and Urban Systems, 14(3), pp. 213-221. 

Matthews, S. A. (2002) 'ArcGIS Geostatistical Analyst', GIS Resource Document, pp. 02-19. 

McGill, R., Tukey, J. W. and Larsen, W. A. (1978) 'Variations of box plots', The American Statistician, 32(1), pp. 12-16. 

Meng, Q., Liu, Z. and Borders, B. E. (2013) 'Assessment of regression kriging for spatial interpolation–comparisons of seven GIS 

interpolation methods', Cartography and geographic information science, 40(1), pp. 28-39. 

Meul, M. and Van Meirvenne, M. (2003) 'Kriging soil texture under different types of nonstationarity', Geoderma, 112(3-4), pp. 217-233. 

Miao, E. A., Rajan, J. V. and Aderem, A. (2011) 'Caspase‐1‐induced pyroptotic cell death', Immunological Reviews, 243(1), pp. 206-214. 

Miao, L. and Qi, H. (2007) 'Endmember extraction from highly mixed data using minimum volume constrained nonnegative matrix 

factorization', IEEE Transactions on Geoscience and Remote Sensing, 45(3), pp. 765. 

Miller, B. A., Koszinski, S., Hierold, W., Rogasik, H., Schröder, B., Van Oost, K., Wehrhan, M. and Sommer, M. (2016) 'Towards mapping 

soil carbon landscapes: Issues of sampling scale and transferability', Soil and Tillage Research, 156, pp. 194-208. 

Minnaert, M. (1941) 'The reciprocity principle in lunar photometry', The Astrophysical Journal, 93, pp. 403-410. 

Modabberi, S., Ahmadi, A. and Tangestani, M. H. (2017) 'Sub-pixel mapping of alunite and jarosite using ASTER data; a case study from 

north of Semnan, north central Iran', Ore Geology Reviews, 80, pp. 429-436. 

Molan, Y. E., Refahi, D. and Tarashti, A. H. (2014) 'Mineral mapping in the Maherabad area, eastern Iran, using the HyMap remote sensing 

data', International Journal of Applied Earth Observation and Geoinformation, 27, pp. 117-127. 

Molla, Y. B., Le Blond, J., Wardrop, N., Baxter, P., Atkinson, P., Newport, M. and Davey, G. (2013) 'Individual correlates of podoconiosis 

in areas of varying endemicity: a case–control study', PLoS Negl Trop Dis, 7, pp. e2554. 

Molla, Y. B., Tomczyk, S., Amberbir, T., Tamiru, A. and Davey, G. (2012a) 'Patients’ perceptions of podoconiosis causes, prevention and 

consequences in East and West Gojam, Northern Ethiopia', BMC Public Health, 12(1), pp. 828. 

Molla, Y. B., Tomczyk, S., Amberbir, T., Tamiru, A. and Davey, G. (2012b) 'Podoconiosis in East and West Gojam Zones, northern 

Ethiopia', PLoS Negl Trop Dis, 6. 

Molla, Y. B., Wardrop, N. A., Le Blond, J. S., Baxter, P., Newport, M. J., Atkinson, P. M. and Davey, G. (2014) 'Modelling environmental 

factors correlated with podoconiosis: a geospatial study of non-filarial elephantiasis', International Journal of Health Geographics, 13(1), 

pp. 24. 

Molua, E. L. and Lambi, C. M. (2006) 'Climate, hydrology and water resources in Cameroon', CEEPA, Pretoria, pp. 37. 

Molyneux, D. (2012) 'Tropical lymphedemas—control and prevention', New England Journal of Medicine, 366(13), pp. 1169-1171. 

Monmonier, M. S. 1996. How to lie with maps 2nd Ed. University of Chicago Press, Chicago. 

Moore, D. M. and Reynolds Jr, R. C. (1989) X-ray Diffraction and the Identification and Analysis of Clay Minerals. Oxford University 

Press (OUP). 

Moreira, L. C. J., Teixeira, A. d. S. and Galvão, L. S. (2015) 'Potential of multispectral and hyperspectral data to detect saline-exposed soils 

in Brazil', GIScience & Remote Sensing, 52(4), pp. 416-436. 

Moses, W. J., Bowles, J. H., Lucke, R. L. and Corson, M. R. (2012) 'Impact of signal-to-noise ratio in a hyperspectral sensor on the accuracy 

of biophysical parameter estimation in case II waters', Optics Express, 20(4), pp. 4309-4330. 

Mossy Foot Project (2021) The Mossy Foot Project. Available at: https://mossyfoot.com (Accessed: 29.09.2021 2021). 

Mousley, E., Deribe, K., Tamiru, A. and Davey, G. (2013) 'The impact of podoconiosis on quality of life in Northern Ethiopia', Health and 

Quality of Life Outcomes, 11. 

Mueller, T., Pusuluri, N., Mathias, K., Cornelius, P., Barnhisel, R. and Shearer, S. (2004) 'Map quality for ordinary kriging and inverse 

distance weighted interpolation', Soil Science Society of America Journal, 68(6), pp. 2042-2047. 

https://mossyfoot.com/


 

 

247 

 

Mulder, V., De Bruin, S., Schaepman, M. and Mayr, T. (2011) 'The use of remote sensing in soil and terrain mapping—A review', 

Geoderma, 162(1-2), pp. 1-19. 

Mulder, V., Plötze, M., de Bruin, S., Schaepman, M. E., Mavris, C., Kokaly, R. F. and Egli, M. (2013) 'Quantifying mineral abundances of 

complex mixtures by coupling spectral deconvolution of SWIR spectra (2.1–2.4 μm) and regression tree analysis', Geoderma, 207, pp. 279-

290. 

Muli, J., Gachohi, J. and Kagai, J. (2017) 'Soil iron and aluminium concentrations and feet hygiene as possible predictors of Podoconiosis 

occurrence in Kenya', PLOS Neglected Tropical Diseases, 11(8), pp. e0005864. 

Murphy, R. (1995) 'The effects of surficial vegetation cover on mineral absorption feature parameters', International Journal of Remote 

Sensing, 16(12), pp. 2153-2164. 

Murphy, R. and Wadge, G. (1994) 'The effects of vegetation on the ability to map soils using imaging spectrometer data', Remote Sensing, 

15(1), pp. 63-86. 

Mustard, J. F. and Hays, J. E. (1997) 'Effects of hyperfine particles on reflectance spectra from 0.3 to 25 μm', Icarus, 125(1), pp. 145-163. 

Mustard, J. F., Li, L. and He, G. (1998) 'Nonlinear spectral mixture modeling of lunar multispectral data: Implications for lateral transport', 

Journal of Geophysical Research: Planets, 103(E8), pp. 19419-19425. 

Mustard, J. F. and Pieters, C. M. (1987) 'Quantitative abundance estimates from bidirectional reflectance measurements', Journal of 

Geophysical Research: Solid Earth, 92(B4), pp. E617-E626. 

Nascimento, J. M. and Dias, J. M. (2005) 'Vertex component analysis: A fast algorithm to unmix hyperspectral data', IEEE transactions on 

Geoscience and Remote Sensing, 43(4), pp. 898-910. 

Nash, D. B. and Salisbury, J. W. (1991) 'Infrared reflectance spectra (2.2–15 μm) of plagioclase feldspars', Geophysical Research Letters, 

18(6), pp. 1151-1154. 

Ninomiya, Y. and Fu, B. (2019) 'Thermal infrared multispectral remote sensing of lithology and mineralogy based on spectral properties of 

materials', Ore Geology Reviews, 108, pp. 54-72. 

NIOSH (2002) Health Effects of Occupational Exposure to Respirable Crystalline Silica. https://www.cdc.gov/niosh/docs/2002-

129/default.html (Accessed: 12/06/2020). 

Njozing, N. B., Edin, K. E. and Hurtig, A.-K. (2010) '‘When I get better I will do the test’: Facilitators and barriers to HIV testing in 

Northwest Region of Cameroon with implications for TB and HIV/AIDS control programmes', SAHARA-J: Journal of Social Aspects of 

HIV/AIDS, 7(4). 

Oeckinghaus, A. and Ghosh, S. (2009) 'The NF-kappaB family of transcription factors and its regulation', Cold Spring Harbor perspectives 

in biology, 1(4), pp. a000034-a000034. 

Okereke, C. N.-E. (2018) 'Analysing Cameroon’s Anglophone Crisis', Counter Terrorist Trends and Analyses, 10(3), pp. 8-12. 

Oliver, L. N., Schuurman, N. and Hall, A. W. (2007) 'Comparing circular and network buffers to examine the influence of land use on 

walking for leisure and errands', International journal of health geographics, 6(1), pp. 1-11. 

Onapa, A. W., Simonsen, P. E. and Pedersen, E. M. (2001) 'Non-filarial elephantiasis in the Mt. Elgon area (Kapchorwa District) of 

Uganda', Acta tropica, 78(2), pp. 171-176. 

Openshaw, S. and Openshaw, S. 'The modifiable areal unit problem'. Geo Abstracts University of East Anglia. 

Ottesen, E., Duke, B., Karam, M. and Behbehani, K. (1997) 'Strategies and tools for the control/elimination of lymphatic filariasis', Bulletin 

of the world Health Organization, 75(6), pp. 491. 

Owers, K. A., Odetunde, J., de Matos, R. B., Sacramento, G., Carvalho, M., Nery, N., Jr., Costa, F., Reis, M. G., Childs, J. E., Hagan, J. E., 

Diggle, P. J. and Ko, A. I. (2018) 'Fine-scale GPS tracking to quantify human movement patterns and exposure to leptospires in the urban 

slum environment', PLOS Neglected Tropical Diseases, 12(8), pp. e0006752. 

Ozdenerol, E. (2015) 'GIS and remote sensing use in the exploration of lyme disease epidemiology', International journal of environmental 

research and public health, 12(12), pp. 15182-15203. 

Palfrey, N. (2016) How do macrophages respond to podoconiosis-endemic and podoconiosis-non endemic soils? MSc Global Health, 

Brighton and Sussex Medical School. 

Pavlovsky, E. N. (1966) 'Natural Nidality of Transmissible Diseases with special reference to the Landscape Epidemiology of 

Zooanthroponoses', Natural Nidality of Transmissible Diseases with special reference to the Landscape Epidemiology of Zooanthroponoses. 

Paz-Kagan, T., Zaady, E., Salbach, C., Schmidt, A., Lausch, A., Zacharias, S., Notesco, G., Ben-Dor, E. and Karnieli, A. (2015) 'Mapping 

the spectral soil quality index (SSQI) using airborne imaging spectroscopy', Remote Sensing, 7(11), pp. 15748-15781. 

Pearson, K. (1901) 'LIII. On lines and planes of closest fit to systems of points in space', The London, Edinburgh, and Dublin Philosophical 

Magazine and Journal of Science, 2(11), pp. 559-572. 

Piper, J. (1992) 'Variability and bias in experimentally measured classifier error rates', Pattern Recognition Letters, 13(10), pp. 685-692. 

https://www.cdc.gov/niosh/docs/2002-129/default.html
https://www.cdc.gov/niosh/docs/2002-129/default.html


 

 

248 

 

Plaza, A., Martínez, P., Pérez, R. and Plaza, J. (2002) 'Spatial/spectral endmember extraction by multidimensional morphological 

operations', IEEE transactions on geoscience and remote sensing, 40(9), pp. 2025-2041. 

Plaza, A., Martínez, P., Pérez, R. and Plaza, J. (2004) 'A quantitative and comparative analysis of endmember extraction algorithms from 

hyperspectral data', IEEE transactions on geoscience and remote sensing, 42(3), pp. 650-663. 

Plaza, J. and Plaza, A. (2009) 'Spectral mixture analysis of hyperspectral scenes using intelligently selected training samples', IEEE 

Geoscience and Remote Sensing Letters, 7(2), pp. 371-375. 

Plaza, J., Plaza, A., Perez, R. and Martinez, P. (2009) 'On the use of small training sets for neural network-based characterization of mixed 

pixels in remotely sensed hyperspectral images', Pattern Recognition, 42(11), pp. 3032-3045. 

Pontual, S., Merry, N. and Gamson, P. (2008) 'Spectral interpretation-field manual. GMEX. Spectral analysis guides for mineral 

exploration', Victoria, AusSpec International Pty. 

Price, E. (1972a) 'A possible genetic factor in non-filarial elephantiasis of the lower legs', Ethiopian medical journal, 10(3), pp. 87-93. 

Price, E. (1974) 'Endemic elephantiasis of the lower legs in Ethiopia. An epidemiological survey', Ethiopian medical journal, 12(2), pp. 77-

90. 

Price, E. (1976b) 'Endemic elephantiasis of the lower legs in Rwanda and Burundi', Tropical and geographical medicine, 28(4), pp. 283-

290. 

Price, E. (1976a) 'The association of endemic elephantiasis of the lower legs in East Africa with soil derived from volcanic rocks', 

Transactions of the Royal Society of Tropical Medicine and Hygiene, 70(4), pp. 288-295. 

Price, E. (1977) 'The site of lymphatic blockade in endemic (non-filarial) elephantiasis of the lower legs', The Journal of tropical medicine 

and hygiene, 80(11), pp. 230-237. 

Price, E. (1983) 'Endemic elephantiasis: early signs and symptoms, and control', Ethiopian medical journal, 21(4), pp. 243-53. 

Price, E. (1984a) 'Pre-elephantiasic stage of endemic nonfilarial elephantiasis of lower legs:“podoconiosis”', Tropical doctor, 14(3), pp. 115-

119. 

Price, E. (1984b) 'The elephantiasis story', Tropical Diseases Bulletin, 81(8), pp. R1-R11. 

Price, E. and Bailey, D. (1984) 'Environmental factors in the etiology of endemic elephantiasis of the lower legs in tropical Africa', Tropical 

and geographical medicine, 36(1), pp. 1-5. 

Price, E. and Henderson, W. (1979) 'Silica and silicates in femoral lymph nodes of barefooted people in Ethiopia with special reference to 

elephantiasis of the lower legs', Transactions of the Royal Society of Tropical Medicine and Hygiene, 73(6), pp. 640-647. 

Price, E. and Henderson, W. (1981) 'Endemic elephantiasis of the lower legs in the United Cameroon Republic', Tropical and geographical 

medicine, 33(1), pp. 23-9. 

Price, E. and Pitwell, L. (1973) 'The mineral content of inguinal nodes in barefoot people with and without elephantiasis of the legs', The 

Journal of tropical medicine and hygiene, 76(9), pp. 236-238. 

Price, E. and Plant, D. (1990) 'The significance of particle size of soils as a risk factor in the etiology of podoconiosis', Transactions of the 

Royal Society of Tropical Medicine and Hygiene, 84(6), pp. 885-886. 

Price, E. W. (1972b) 'The pathology of non-filarial elephantiasis of the lower legs', Transactions of the Royal Society of Tropical Medicine 

and Hygiene, 66(1), pp. 150-159. 

Price, E. W. (1990) Podoconiosis: non-filarial elephantiasis. Oxford: Oxford Medical Publications. 

Price, E. W. and Henderson, W. (1978) 'The elemental content of lymphatic tissues of barefooted people in Ethiopia, with reference to 

endemic elephantiasis of the lower legs', Trans R Soc Trop Med Hyg, 72, pp. 132-6. 

PRISMA (2020) PRISMA Products Specification Available online: 

http://prisma.asi.it/missionselect/docs/PRISMA%20Product%20Specifications_Is2_3.pdf (Accessed: 26/02/2021). 

Prost, G. L. (2013) Remote sensing for geoscientists: image analysis and integration. CRC Press. 

Qian, S.-E. (2021) 'Hyperspectral Satellites, Evolution and Development History', IEEE Journal of Selected Topics in Applied Earth 

Observations and Remote Sensing. 

Rajabi, R. and Ghassemian, H. (2014) 'Spectral unmixing of hyperspectral imagery using multilayer NMF', IEEE Geoscience and Remote 

Sensing Letters, 12(1), pp. 38-42. 

Rajabi, R. and Ghassemian, H. (2015) 'Sparsity constrained graph regularized NMF for spectral unmixing of hyperspectral data', Journal of 

the Indian Society of Remote Sensing, 43(2), pp. 269-278. 

Raksuntorn, N. and Du, Q. (2010) 'Nonlinear spectral mixture analysis for hyperspectral imagery in an unknown environment', IEEE 

Geoscience and Remote Sensing Letters, 7(4), pp. 836-840. 

Ramakrishnan, D. and Bharti, R. (2015) 'Hyperspectral remote sensing and geological applications', Current science, pp. 879-891. 

http://prisma.asi.it/missionselect/docs/PRISMA%25


 

 

249 

 

Reimann, C. and Garrett, R. G. (2005) 'Geochemical background—concept and reality', Science of the total environment, 350(1-3), pp. 12-

27. 

Reisen, W. K. (2010) 'Landscape epidemiology of vector-borne diseases', Annual review of entomology, 55, pp. 461-483. 

Reiter, J. P. and Kinney, S. K. (2011) 'Commentary: Sharing confidential data for research purposes: a primer', Epidemiology, 22(5), pp. 

632-635. 

Ren, H. and Chang, C.-I. (2003) 'Automatic spectral target recognition in hyperspectral imagery', IEEE Transactions on Aerospace and 

Electronic Systems, 39(4), pp. 1232-1249. 

Reynolds, R. (1996) 'Description of Newmod-for-Windows™', The calculation of one-dimensional X-ray diffraction patterns of mixed 

layered clay minerals. RC Reynolds Jr, 8. 

Ribera, J. M., Grietens, K. P., Toomer, E. and Hausmann-Muela, S. (2009) 'A word of caution against the stigma trend in neglected tropical 

disease research and control', PLoS neglected tropical diseases, 3(10), pp. e445. 

Richeldi, L., Sorrentino, R. and Saltini, C. (1993) 'HLA-DPB1 glutamate 69: a genetic marker of beryllium disease', Science, pp. 242-244. 

Rinpoche, R. and Kunzang, J. (1973) Tibetan medicine. Wellcome Institute of the History of Medicine. 

Roberts, D. A., Gardner, M., Church, R., Ustin, S., Scheer, G. and Green, R. (1998) 'Mapping chaparral in the Santa Monica Mountains 

using multiple endmember spectral mixture models', Remote sensing of environment, 65(3), pp. 267-279. 

Robinson, A. H. (1982) Early thematic mapping in the history of cartography. 

Robinson, G. D., Gross, H. N. and Schott, J. R. (2000) 'Evaluation of two applications of spectral mixing models to image fusion', Remote 

Sensing of Environment, 71(3), pp. 272-281. 

Robinson, T. and Metternicht, G. (2006) 'Testing the performance of spatial interpolation techniques for mapping soil properties', Computers 

and electronics in agriculture, 50(2), pp. 97-108. 

Robinson, W. S. (1950) 'Ecological Correlations and the Behavior of Individuals', American sociological review, 15(3), pp. 351-357. 

Rockson, S. G. (2001) 'Lymphedema', The American journal of medicine, 110(4), pp. 288-295. 

Rodger, A. and Cudahy, T. (2009) 'Vegetation corrected continuum depths at 2.20 µm: An approach for hyperspectral sensors', Remote 

Sensing of Environment, 113(10), pp. 2243-2257. 

Rogge, D. M., Rivard, B., Zhang, J. and Feng, J. (2006) 'Iterative spectral unmixing for optimizing per-pixel endmember sets', IEEE 

Transactions on Geoscience and Remote Sensing, 44(12), pp. 3725-3736. 

Rossel, R. V., Behrens, T., Ben-Dor, E., Brown, D., Demattê, J., Shepherd, K., Shi, Z., Stenberg, B., Stevens, A. and Adamchuk, V. (2016) 

'A global spectral library to characterize the world's soil', Earth-Science Reviews, 155, pp. 198-230. 

Rossel, R. V., Walvoort, D., McBratney, A., Janik, L. J. and Skjemstad, J. (2006) 'Visible, near infrared, mid infrared or combined diffuse 

reflectance spectroscopy for simultaneous assessment of various soil properties', Geoderma, 131(1-2), pp. 59-75. 

Rothman, K. J. (1990) 'No adjustments are needed for multiple comparisons', Epidemiology (Cambridge, Mass.), 1(1), pp. 43. 

Rothman, K. J. (2010) 'Curbing type I and type II errors', European journal of epidemiology, 25(4), pp. 223-224. 

Rowan, L. C. and Mars, J. C. (2003) 'Lithologic mapping in the Mountain Pass, California area using advanced spaceborne thermal emission 

and reflection radiometer (ASTER) data', Remote sensing of Environment, 84(3), pp. 350-366. 

Rubio, E., Caselles, V. and Badenas, C. (1997) 'Emissivity measurements of several soils and vegetation types in the 8–14, μm Wave band: 

Analysis of two field methods', Remote Sensing of Environment, 59(3), pp. 490-521. 

Ruiz, L., Campo, E. and Corachan, M. (1994) 'Elephantiasis in Sao Tome and Principe', Acta tropica, 57(1), pp. 29-34. 

Rushton, G., Armstrong, M. P., Gittler, J., Greene, B. R., Pavlik, C. E., West, M. M. and Zimmerman, D. L. (2007) Geocoding health data: 

the use of geographic codes in cancer prevention and control, research and practice. CRC Press. 

Sadeghi, A., Boloorani, A. D., Kakroodi, A. A., Alavipanah, S. K. and Hamzeh, S. (2021) 'Removing the Vegetation Effect in Mineral Maps 

Produced by Hyperion', Journal of the Indian Society of Remote Sensing, pp. 1-11. 

Salisbury, J. W., Walter, L. S. and D'Aria, D. (1988) Mid-infrared (2.5 to 13.5 Mm) Spectra of Igneous Rocks. Citeseer. 

Sapmak, A., Kaewmalakul, J., Nosanchuk, J. D., Vanittanakom, N., Andrianopoulos, A., Pruksaphon, K. and Youngchim, S. (2016) 

'Talaromyces marneffei laccase modifies THP-1 macrophage responses', Virulence, 7(6), pp. 702-717. 

Schildberger, A., Rossmanith, E., Eichhorn, T., Strassl, K. and Weber, V. (2013) 'Monocytes, peripheral blood mononuclear cells, and THP-

1 cells exhibit different cytokine expression patterns following stimulation with lipopolysaccharide', Mediators of inflammation, 2013. 

Schloeder, C., Zimmerman, N. and Jacobs, M. (2001) 'Comparison of methods for interpolating soil properties using limited data', Soil 

Science Society of America Journal, 65(2), pp. 470-79. 
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 APPENDICES  

Appendix A 

Name Abbreviation Mean % Range % 

Amorphous N/A 43.15 17.9-70.6 

Amphibole N/A 0.01 0-0.25 

Anatase N/A 0.34 0-2 

Chromite  N/A 0.06 0-2 

Cristobalite N/A 0.08 0-3 

Gibbsite N/A 4.2 0.25-23.3 

Goethite N/A 0.63 0-5.1 

Hematite  N/A 0.56 0.25-7.1 

Hydrobiotite  N/A 0.37 0-4 

Ilmenite  N/A 0.03 0-1 

Kaolinite  N/A 16.97 3-41.1 

Mica N/A 2.79 0-17.6 

Olivine  N/A 0.02 0-2 

Plagioclase N/A 0.87 0.25-15 

Potassium Feldspar K-feldspar 13.35 0.6-42.6 

Quartz N/A 16.03 1.8-36.6 

Smectite  N/A 0.13 0-11 

Tridymite  N/A 0.06 0-2 

Vermiculite  N/A 0.3 0-1 
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Name Abbreviation Mean 
mg/kg 

Range mg/kg LOD mg/kg 

Aluminium  Al 138248.45 85800-182000 <25 

Antimony Sb 0.24 0.0552-1.85 <0.07 

Arsenic  As 2.05 0.138-8.94 <0.05 

Barium  Ba 647.13 65.5-1920 <0.5 

Beryllium  Be 2.29 0.828-7.63 <0.06 

Bismuth Bi 0.41 0.0373-2.74 <0.02 

Cadmium  Cd 0.08 0.0139-0.607 <0.008 

Caesium Cs 6.7 0.825-29 <0.008 

Calcium Ca 1815.51 4.45-10400 <240 

Cerium Ce 207.46 79.7-648 <0.05 

Chromium  Cr 67.86 11.1-416 <0.05 

Cobalt  Co 14.66 3.23-63.7 <0.04 

Copper Cu 29.23 9.9-89 <0.7 

Dysprosium Dy 5.98 1.87-25.7 <0.005 

Erbium Er 2.9 0.865-15 <0.006 

Europium Eu 2.32 0.626-7.62 <0.004 

Gadolinium Gd 7.76 2.52-27.3 <0.008 

Gallium  Ga 34.31 17.9-58 <0.03 

Hafnium  Hf 5.8 1.15-38.8 <0.01 

Holmium  Ho 1.06 0.298-4.8 <0.004 

Iron Fe 59775.77 22200-169000 <26 

Lanthanum La 81 24.3-197 <0.02 

Lead Pb 42.55 7.33-100 <2 

Lithium  Li 31.36 5.65-274 <0.4 

Lutetium  Lu 0.37 0.116-1.86 <0.004 

Magnesium  Mg 3884.12 1020-14800 <5 

Manganese Mn 647.03 97.3-3660 <1 

Molybdenum Mo 2.88 0.69-15.1 <0.02 

Neodymium  Nd 64.65 23.1-172 <0.04 

Nickel Ni 35.86 6.2-229 <0.04 

Niobium Nb 46.84 11.7-343 <0.03 

Phosphorus  P 1072.09 285-3270 <7 

Potassium  K 21448.93 933-56700 <14 

Praseodymium Pr 17.86 6.01-46.5 <0.007 

Rubidium  Rb 117.82 6.35-294 <0.04 

Samarium Sm 11.65 4.07-32.5 <0.008 

Selenium Se 0.83 0.213-1.96 <0.06 

Silver Ag 0.08 0.0271-0.376 <0.04 

Sodium Na 1678.53 146-12200 <35 

Strontium  Sr 111.98 18-318 <0.1 

Tantalum Ta 3.24 0.781-21.3 <0.008 

Terbium Tb 1.07 0.339-3.94 <0.004 

Thallium Tl 0.71 0.122-1.8 <0.01 

Thorium Th 35.57 8.28-97.9 <0.01 

Thulium Tm 0.4 0.12-1.98 <0.003 

Tin Sn 6.47 2.04-35.1 <0.2 

Titanium Ti 8805.57 2050-53800 <3 

Tungsten W 2.03 0.446-14.5 <0.01 
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Name Abbreviation Mean 
mg/kg 

Range mg/kg LOD mg/kg 

Uranium U 6.74 1.57-18.4 <0.005 

Vanadium V 114.45 19.9-484 <0.06 

Ytterbium Yb 2.52 0.783-12.9 <0.007 

Yttrium Y 25 6.74-120 <0.02 

Zinc Zn 79.9 22-221 <3 

Zirconium  Zr 217.9 39.4-1450 <0.2 

Other Abbreviation  Mean Range  

Loss on ignition LOI 14.86 % 6.21-37.3% N/A 

pH  4.39 3.81-5.98 N/A 
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Appendix B 

Appendix a Prediction error statistics for each soil variable from each interpolation method. Including RMSE, ME, ASE and RMSSE.  IDW had no value for ASE and RMSSE as it is not a 

statistical model. The selected surface column shows the interpolation type selected as most suitable for that variable. Variables are shown by their abbreviated names. 

 

  IDW OK EBK UK IDW OK EBK UK IDW OK EBK UK IDW OK EBK UK Selected 
surface Variable RMSE value ME ASE RMSSE 

Ag 0.045 0.044 0.044 0.044 -0.004 0 -0.002 0.001   0.042 0.041 0.041   1.05 1.01 1.09 EBK 

Al 17100 16700 17000 17400 278 308 -29.8 -506   16600 15500 17400   0.996 1.09 1.01 OK 

Amorphous 10.4 10.5 10.1 10.9 -0.8 0.1 -0.2 0.3 / 10.5 10.1 10.9 / 1 1 1.1 EBK 

As 1.14 1.16 1.13 1.16 -0.102 -0.029 -0.006 -0.029   1.16 1.13 1.16   0.986 0.983 0.984 EBK 

Ba 289 277 277 284 37.9 6.38 11.9 6.73   277 307 284   1.01 0.93 1.01 OK 

Be 0.97 0.975 0.927 0.952 0.06 0.001 -0.004 -0.028   0.976 0.927 0.947   0.999 1 1.01 EBK 

Bi 0.319 0.32 0.317 0.32 0.002 0.003 0.015 -0.008   0.32 0.317 0.32   0.997 1.08 1.01 EBK 

Ca 1680 1630 1620 1620 97.3 -10.3 11.3 -37.5   1620 1620 1620   1.01 0.964 1 EBK 

Cd 0.055 0.053 0.054 0.066 -0.005 -0.001 0 0.001   0.053 0.052 0.066   0.924 0.922 1.12 EBK 

Ce 80.9 79.9 76.9 86.9 -2.98 -1.56 -0.4 -2.97   78.4 76.9 85.4   0.982 0.951 1.12 EBK 

Co 9.19 9.14 8.94 9.02 -0.214 0.01 -0.193 0.393   8.81 8.6 8.23   1.03 1.06 1.09 EBK 

Cr 63.2 64.3 64.9 65.8 -3.52 -0.574 -0.609 2.1   57.9 60.6 60.8   1.1 1.03 1.07 EBK 

Cs 3.44 3.44 3.37 3.97 0.076 0.073 0.17 -0.114   3.28 3.59 4.21   1.04 0.952 1.1 EBK 

Cu 11.5 11.4 11.1 11.3 0.077 -0.269 -0.127 0.214   11.5 11.1 10.9   1 0.988 1.04 EBK 

Dy 3.27 3.27 3.15 3.32 -0.198 -0.062 -0.07 0.036   3.22 3.15 2.96   0.997 0.946 1.1 EBK 

Er 1.73 1.74 1.69 2.01 -0.105 -0.046 -0.011 0.021   1.71 1.69 2.01   0.997 0.922 1.16 EBK 

Eu 1.22 1.24 1.2 1.23 -0.084 -0.034 -0.017 0.025   1.09 1.2 1.15   1.11 0.986 1.06 EBK 

Fe 25200 24500 25300 28800 -2560 -1350 -1280 1560   23800 25300 28800   1.05 0.973 1.11 EBK 

Ga 5.63 5.59 5.57 5.83 -0.136 -0.005 -0.072 0.028   5.59 5.53 5.59   1.01 1.04 1.04 EBK 
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  IDW OK EBK UK IDW OK EBK UK IDW OK EBK UK IDW OK EBK UK Selected 
surface Variable RMSE value ME ASE RMSSE 

Gd 3.79 3.77 3.91 3.83 -0.201 -0.086 -0.024 0.009   3.43 3.91 3.45   1.12 0.921 1.1 EBK 

Goethite 0.8 0.8 0.8 0.8 -0.7 -0.1 0 0 / 0.7 0.8 0.8 / 1.4 1 1.1  

Gibbsite 3.4 3.4 3.3 3.4 0 0.1 0 0 / 3.4 3.3 3.4 / 1 1 1 EBK 

Hematite 0.9 0.9 1 0.9 0 0 0 0 / 0.9 1 0.9 / 1 1 1  

Hf 4.1 4.18 4.13 4.66 -0.468 -0.004 -0.133 0.175   4.18 3.93 4.73   0.985 0.947 1.16 EBK 

Ho 0.604 0.606 0.586 0.618 -0.038 -0.015 -0.018 0.009   0.593 0.582 0.556   1 0.957 1.1 EBK 

K 10100 9730 9830 9960 1180 317 308 -461   9730 10600 14700   1 0.939 1.3 OK 

Kaolinite 5.4 5.5 5.6 5.7 -0.6 0.1 -0.1 0 / 5.5 5.6 5.6 / 1 1 1 OK 

K-feldspar 8.7 8.8 8.5 9 0.9 0.1 -0.1 0.2 / 9 8.5 9 / 1 1.1 1 EBK 

La 30.6 29.7 29.3 29.7 0.004 0.384 -0.094 0.382   29.5 29.7 29.2   1 0.977 1.01 EBK 

Li 16.5 16.1 16.6 16.5 0.688 0.311 0.295 0.287   17.3 17.5 16.5   1.05 0.938 1 UK 

LOI 4.76 4.5 4.59 5.38 -0.472 -0.159 -0.152 0.075   4.5 4.59 5.42   1 0.975 1.07 OK 

Lu 0.211 0.216 0.205 0.217 -0.013 -0.009 -0.001 0.002   0.176 0.204 0.194   1.12 0.923 1.1 EBK 

Mg 2040 2040 1930 2030 155 -5.71 18.8 13.5   2040 1920 2030   0.999 1.07 1 EBK 

Mica 2.1 2.1 2.1 2.3 0.2 0 0.1 0.1 / 2.1 2.1 2.3 / 0.9 1 1.1 EBK 

Mn 462 455 440 462 -20.4 -9.83 -1.58 5.04   454 439 490   0.991 0.972 1.04 EBK 

Mo 1.67 1.61 1.65 1.65 -0.151 -0.059 -0.016 -0.016   1.55 1.42 1.45   1.04 1.08 1.13 OK 

Na 1770 1650 1650 1670 204 -56.7 75.4 -93.4   1650 1650 1660   1.03 1.03 1.04 OK 

Nb 36.8 36.8 37.8 41 -4.17 -1.47 -1.09 0.678   36.2 38.3 37.7   0.962 1.05 1.14 OK 

Nd 26.7 25.9 26.5 30.7 -0.87 -0.109 -0.016 -0.473   25.9 26.5 30.3   0.999 0.955 1.1 OK 

Ni 29.9 30.5 28.6 35.3 -2.13 -1.76 -0.493 35.3   26.2 27.3 35.3   1.27 0.93 1.14 EBK 

P 485 479 478 481 -31.1 -17 -36.4 -10.6   482 478 481   1.01 0.991 1.11 EBK 

Pb 13.3 13 13.1 14.7 0.842 0.381 0.052 -0.296   13 13.1 14.3   1.01 0.973 1.23 OK 

pH 0.409 0.402 0.397 0.401 0.007 -0.001 -0.002 -0.003   0.403 0.397 0.401   0.983 0.958 1.01 OK 
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  IDW OK EBK UK IDW OK EBK UK IDW OK EBK UK IDW OK EBK UK Selected 
surface Variable RMSE value ME ASE RMSSE 

Plagioclase 1.8 1.9 2 2.1 0.1 0 0 0 / 1.8 2 2.1 / 1.1 1 1.1  

Pr 7.14 7.05 6.86 7.55 -0.15 -0.029 0.045 -0.285   7.08 6.86 7.67   0.989 0.991 1.07 EBK 

Quartz 5.9 5.8 5.6 5.9 0 0.1 -0.1 -0.1 / 5.8 5.5 5.9 / 1 1 1 EBK 

Rb 51.4 49.6 52.2 51 4.3 1.56 0.661 0.14   49.6 55.7 51   1 0.912 1.01 OK 

Sb 0.177 0.171 0.178 0.177 -0.007 -0.002 0 -0.005   0.171 0.191 0.177   1 0.942 0.997 OK 

Se 0.265 0.259 0.26 0.306 -0.033 -0.016 -0.011 -0.008   0.259 0.26 0.302   1 0.992 1.18 EBK 

Sm 4.92 4.87 4.93 4.94 -0.236 -0.023 0.047 -0.026   4.44 4.93 4.57   1.07 0.983 1.08 EBK 

Sn 3.12 3.12 3.13 3.13 -0.074 -0.061 0.164 -0.099   3.12 3.28 3.14   1 0.979 1.02 OK 

Sr 56 55.2 54 55.4 2.98 0.725 1.51 1.05   55.9 57.1 55.4   0.989 0.958 1 OK 

Ta 2.26 2.28 2.33 2.26 -0.302 -0.148 -0.081 0.121   2.3 2.33 2.09   1.08 1.03 1.09 EBK 

Tb 0.547 0.547 0.529 0.554 -0.033 -0.015 -0.018 0.004   0.481 0.529 0.494   1.15 0.953 1.1 EBK 

Th 14.2 14.5 14.2 14.3 0.72 -0.033 0.11 -0.085   14.3 14.2 14   1 0.963 1.04 EBK 

Ti 6310 6200 6630 6360 -501 -468 -42.7 293   5040 5570 6010   1.19 1.05 1.06 EBK 

Tl 0.273 0.262 0.273 0.31 0.013 0.009 0.02 -0.01   0.262 0.289 0.31   0.992 0.937 1.16 OK 

Tm 0.231 0.233 0.224 0.237 -0.014 -0.001 -0.003 0.002   0.22 0.224 0.213   1.04 0.926 1.1 OK 

U 2.65 2.66 2.7 2.73 -0.051 0.015 -0.009 0.028   2.66 2.7 2.73   1 1.02 1.03 OK 

V 61.5 60.5 62.7 68.9 -3.23 -2.86 0.165 3.32   57.5 62.5 70.5   1.07 0.984 1.13 EBK 

W 1.84 1.83 1.86 1.83 -0.024 0.008 -0.005 0.008   1.8 1.73 1.77   1.02 1.04 1.04 OK 

Y 15 15.9 14.5 15.3 -0.755 -0.289 -0.357 0.206   16 14.4 13.8   1.09 0.947 1.1 EBK 

Yb 1.46 1.46 1.41 1.5 -0.083 -0.011 -0.003 0.02   1.4 1.39 1.35   1.03 0.93 1.1 EBK 

Zn 24.5 24 23.7 24 -0.459 -0.399 0.119 -0.059   23.9 23.7 21.8   0.984 0.967 1.08 EBK 

Zr 176 179 184 176 -20.4 -12.8 -7.38 4.03   179 178 155   1.01 0.968 1.07 OK 
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Appendix C 

Appendix b Biplot of principal components scores and factor loading on principal component 1 and 2 from the PCA 

analysis of the 1km buffer distance soil variables which have been suggested to be associated with podoconiosis through 

correlation or/and univariate logistic regression analysis. PC1 eigenvalue = 5.57. PC2 eigenvalue = 1.53. Ellipses are 

created with a confidence level of 0.95. 

 

 

Appendix D 

Appendix c Biplot of principal components scores and factor loading on principal component 1 and 2 from the PCA 

analysis of the 5km buffer distance soil variables which have been suggested to be associated with podoconiosis through 

correlation or/and binary logistic regression analysis. PC1 eigenvalue = 6.08. PC2 eigenvalue = 1.7. Ellipses are 

created with a confidence level of 0.95. 

 

 

 


