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Abstract 

Mycetoma is a chronic inflammatory infection that can lead to severe disability by 

damaging the skin, soft tissues, and bones if left untreated. It is one of the neglected 

tropical diseases (NTDs) caused by either bacteria (actinomycetoma) or fungi 

(eumycetoma). Sudan has one of the highest disease burdens globally, with 

eumycetoma responsible for 70% of infections. 

Genetic factors likely influence susceptibility, evidenced by familial clustering. 

However, to date, genetic studies have focused on a pre-defined set of functional 

polymorphisms in 13 candidate genes selected for their involvement in immunity. All 

previous studies were among small sample-sized cohorts, and positive findings have 

not been reproduced. This thesis, therefore, employed a systematic approach 

beginning with estimating heritability and sibling recurrence risk ratio. Subsequently, 

two hypothesis-free genomic approaches were utilised: family-based whole-genome 

sequencing (WGS) and population-based genome-wide association studies (GWAS). 

The family-based study involved 46 pedigrees, estimating mycetoma heritability at 

approximately 23%, with a higher likelihood of occurrence among siblings as indicated 

by a recurrence risk ratio ranging from 18.4 to 28.7. To identify rare genetic variants 

present in affected individuals but not in their healthy family members, 22 individuals 

from four families with multiple cases of mycetoma were selected for WGS. This 

analysis identified four candidate genes: DEFA3, CASP8, PLEKHO2, and RAPGEF2. 

Subsequently, network and pathway analyses emphasised the candidate genes’ 

interconnectedness within crucial pathways such as the immune system and signal 

transduction. The population-based GWAS identified 15 suggestive associations, with 

rs16861260, rs319883, and rs10520048 associated with lower susceptibility, while in 

silico functional analyses of the identified genetic markers revealed pathways related 

to lymphocyte function and migration regulation. The genotyping data also showed a 

significant proportion of the disease's heritability attributed to common genetic 

variants, which accounted for nearly 80%. The high rate of consanguinity within the 

Sudanese population, as evidenced by a genomic inbreeding coefficient of 0.0317, 

highlighted the persistent impact of cultural practices on genetic diversity. Finally, The 

study emphasised the superiority of African ancestry reference panels for genotype 

imputation of Sudanese datasets. 
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This thesis marks the first-ever attempt to investigate the genetics of susceptibility to 

mycetoma systematically. It collectively advances our understanding of mycetoma's 

genetic basis, providing valuable insights for future investigations and potentially 

informing targeted interventions. 
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Thesis layout 

The thesis is structured into chapters, each with a background or overview. Chapter 

One offers an extensive background on mycetoma pathogenesis, epidemiology, 

immunological response, risk factors, diagnosis, and treatment. It further investigates 

the Sudanese population structure and outlines the methodologies for identifying 

susceptibility genes related to infectious diseases. Chapter Two provides an in-depth 

review of genetic susceptibility to fungal infections, including mycetoma (the 

corresponding published review article is included in Appendix 1). Chapter Three 

details the systematic methods used for investigating mycetoma host genetics. The 

outcomes of this investigation are presented in chapters Four and Five. Chapter Four 

reveals the results of the family-based data analyses, encompassing familial 

aggregation estimates and whole genome sequencing. Chapter Five showcases 

population-based association studies aimed at identifying common genetic markers 

associated with mycetoma and explores the genetic characteristics of the Sudanese 

population. The final chapter is a comprehensive discussion summarising all findings, 

addressing their impact and implications, and outlining potential future directions. 
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CHAPTER 1 - Unveiling host genetic predisposition to 

mycetoma in Sudan: An Introduction 

1.1 Mycetoma 

1.1.1 Background 

Neglected tropical diseases (NTDs) are a group of conditions strongly associated with 

impoverished populations in tropical and subtropical regions (1). The concept of NTDs 

was formulated by the World Health Organization (WHO) with a list of 20 diseases 

affecting more than one billion people worldwide (2). Mycetoma, an inflammatory 

granulomatous skin and underlying tissue infection, was recognised as one of the 

NTDs in May 2016 (3). This disease is characterised by a triad of painless tumour-like 

subcutaneous swellings, draining sinuses, and compact aggregates of the causative 

organism known as grains in the pus or tissues (Figure 1.1) (4). If left untreated, 

pathogens have the potential to spread through both muscular and lymphatic 

pathways into muscles and bones, resulting in potentially life-threatening 

consequences such as deformity, disability, amputation, and, in some instances, death 

(5). 

Aetiologically, this disease has two forms, eumycetoma and actinomycetoma, caused 

by fungi and bacteria, respectively (4). Globally, mycetoma is endemic in tropical and 

subtropical regions in the so-called “mycetoma belt” between the latitudes of 15°S and 

30°N (6). This belt includes Sudan, Senegal, Yemen, India, Mexico, and Venezuela 

(6,7). Like other NTDs, mycetoma is heavily concentrated in low- and middle-income 

countries where a lack of resources and adequate healthcare infrastructure 

contributes to poor outcomes (8). It is considered an occupational disease of 

individuals who work in rural areas, such as farmers and herders. Thus, the foot and 

hand account for over 80% of the sites affected by mycetoma (9,10).  

Currently, diagnosis of mycetoma depends on imaging, cytological, molecular, 

histopathological, serological and grain culture techniques (11–13). Accurate 

diagnosis is vital for mycetoma treatment since actinomycetoma patients are treated 

with courses of antibiotics (e.g. amikacin and co-trimoxazole) (14,15) while the best 

treatment for eumycetoma is antifungal agents (from the azole group) along with 

surgery (15,16). There is no vaccine. 
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Figure 1.1 Mycetoma caused by Madurella mycetomatis. The three hallmarks of mycetoma 

are draining sinuses, painless subcutaneous tissue swelling, and grains in the pus or tissues. 

The picture originates from the Mycetoma Research Centre, Sudan. 

1.1.2 Mycetoma epidemiology 

Eumycetoma is most commonly reported in tropical and subtropical climate zones of 

Africa and Asia, with the fungus Madurella mycetomatis being the most prevalent 

causative agent (12,17). In contrast, actinomycetoma is more endemic in Central and 

South America, with Nocardia brasiliensis as the primary etiological organism (10,13). 

Among countries endemic with mycetoma, Sudan, India, and Mexico have the highest 

reported cases (10,17). Sudan had the highest number of reported cases per year, 

with an estimated prevalence of 1.81 cases per 100,000 inhabitants (Figure 1.2) in a 

meta-analysis done by van de Sande and colleagues in 2013 (17). Hassan and 

associates recently conducted an epidemiological survey covering 60 villages in 

Eastern Sennar Locality, Sennar State, one of Sudan’s highly endemic states (18). 

The study reported an overall prevalence of 0.87% in the study area, with the age 

group 31-54 years having the highest prevalence. Although the predominance of 

mycetoma in males has been known for a long time, this study found a slightly higher 

disease prevalence of 0.92% in females compared to 0.83% in males (18). The 

authors proposed that the estimate above can be deemed more precise than the data 

gathered from previous hospital-based research, as females tend to delay seeking 

medical assistance and consequently present themselves at a later stage of the 

disease. A study conducted in West Bengal, India, between 1981 and 2000 analysed 

264 cases of mycetoma, focusing on epidemiological aspects (19). The study revealed 
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a diverse spectrum of causative organisms, with actinomycetes being the most 

common (74.6%), and the majority of cases occurred in males and the age group of 

21-30 years. In 2019, a hospital-based study investigated the epidemiological profile 

and spectrum of thirteen eumycetoma cases in Delhi, North India (20). The 

investigators found that eumycetoma primarily affected males, with a peak incidence 

in the age group of 21-40. Various fungal species were identified as causative agents, 

with M. mycetomatis being the most prevalent. In Mexico, one study extensively 

reviewed 3933 mycetoma cases to determine the epidemiological characteristics of 

mycetoma in the Mexican population (21). That study highlighted the predominance 

of mycetoma cases in males (75.6%) and the age group of 16-50. Actinomycetoma 

was substantially the most common form, with a frequency of 96.52%. No 

comprehensive prospective research has been conducted to determine the disease's 

true global incidence, prevalence, or burden. 

 

Figure 1.2 Global prevalence of mycetoma. The average prevalence of mycetoma is 

estimated by dividing the number of a country’s reported cases per year by that country’s total 

population in the same year. Adapted from van de Sande (17). 

1.1.3 Mode of transmission 

One of the basic unanswered research questions regarding mycetoma relates to the 

disease’s transmission mode. With more than 70 different microorganisms (bacteria 

and fungi) known to cause mycetoma, 70% of infections in Sudan are attributable to 

M. mycetomatis (7,15). Presently, three theories explaining the transmission route are 

suggested; the most favourable one suggests traumatic inoculation of the causative 

organism into the skin and subcutaneous tissue through contaminated Acacia tree 
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thorns. This theory was supported by the presence of M. mycetomatis DNA on Acacia 

thorns or in soil samples (22). Samy and his associates also indicated an Acacia-

mycetoma association using ecological niche modelling that linked Acacia geographic 

distribution to mycetoma case distribution (23). The second theory suggests cattle 

dung contaminated with M. mycetomatis as an adjuvant of inoculation. To support this 

theory, phylogenetic analysis was performed to predict the natural habitat of Madurella 

species using neighbouring taxa with previously known habitats (24). This was done 

with 89 strains belonging to 4 species of the genus Madurella and representative 

genera from the family of Chaetomiaceae using DNA sequence data from the rRNA 

partial large subunit (LSU) gene and the internal transcribed spacer (ITS) region. 

Madurella species were nested within the Chaetomiaceae family, often found in animal 

dung and soil. This theory is further supported by a) the abundance of cattle among 

other animals in villages endemic with mycetoma in Sudan, b) the inhabitants’ houses 

are usually made of mud mixed with animal dung, and c) the majority of animals’ sheds 

in endemic regions are located in the grounds of the inhabitants’ houses (8). The third 

theory proposes the presence of transmission vectors after screening tick samples 

collected from domestic animals raised within households of inhabitants of two 

endemic villages in Eastern Sennar Locality (25). The researchers used the fungal 

barcode ITS and M. mycetomatis-specific PCR primers, successfully detecting the 

fungus in one sample. It must be noted that the finding does not offer definitive proof 

of ticks being the sole agent responsible for transmission.  

1.1.4 Immunological response to mycetoma 

Despite the presence of 70 different causative organisms of mycetoma, research on 

the host immune response has been limited, targeting only a few of these organisms 

(7,26). Following the inoculation of the causative agent into the subcutaneous tissue 

and grain formation, innate immunity plays a significant role in early response via 

neutrophil infiltration, as demonstrated by previous studies (27,28). The adherence 

and degranulation of those neutrophils represent the first zone of tissue reaction (type 

1) against mycetoma, resulting in grain disintegration. The second zone, representing 

type 2 reactions, consists mainly of macrophages, which engulf the grain and 

neutrophil debris, while zone 3 (type 3 reactions) contains lymphocytes and plasma 

cells in addition to giant cells, as demonstrated in Figure 1.3 (28).  
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Figure 1.3 Mycetoma granuloma. In host tissue, the fungal grain is surrounded by three zones 

of inflammatory cells through which different cytokines, chemokines and enzymes are 

dispersed. Zone 1 consists of neutrophils, zone 2 contains macrophages, while in zone 3 

reside giant cells, lymphocytes, and plasma cells. The grain is encapsulated by collagen fibres 

located in zone 2. Tissue remodelling around the grains involves the presence of matrix 

metalloproteinases-9 (MMP-9) and its inhibitor, tissue inhibitor of metalloproteinases-1 (TIMP-

1) (both present in zone 2) in addition to IL-17A (zones 1 and 2) which enhances the 

expression of MMP-9. IL-10 is present in all three zones, whereas C-C chemokine ligand 5 

(CCL5), expressed by macrophages, is found in zone 2. Figure created using BioRender.com. 

On the other hand, cell-mediated immunity is also required for an effective response 

to mycetoma, with T-lymphocytes playing a central role in defence. Genetic defects in 

underlying cell-mediated immunity were suggested by Mahgoub and associates in 

1977 to be linked with the pathogenesis of eumycetoma (29). Protective immunity 

against mycetoma is conferred by T-helper (Th) type 1 lymphocytes, while disease 

progression is associated with Th2 immunity as previously demonstrated by the 

significantly elevated levels of Th2 cytokines, including interleukin (IL)-4, IL-5, IL-6 and 

IL-10 in the sera or stained tissue sections taken from lesions of mycetoma patients 

(30–32). In addition, it has been observed that patients with eumycetoma who 

underwent surgical treatment exhibited markedly elevated levels of Th1 cytokines, 

including interferon (IFN)-γ, tumour necrosis factor-α (TNF-α) and IL-1β, as compared 
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to those who received medical treatment (31). This suggests that surgical intervention 

may trigger a more robust immune response, potentially improving outcomes in 

patients with eumycetoma. In light of the linkage between IL-1β and eumycetoma's 

pathogenesis, the research team conducted further investigations encompassing a 

cohort of 70 eumycetoma patients and 70 matched healthy controls (33). The objective 

was to elucidate the roles played by IL-1 family members (IL-1β and IL-37) and IL-12 

family members (IL-12 and IL-35) in the sera of the study cohort. The study revealed 

a positive correlation between the levels of immunosuppressive cytokines, IL-35 and 

IL-37, and the size of the lesions and disease duration. This was in contrast to the 

serum levels of pro-inflammatory cytokines, IL-1β and IL-12, which were observed to 

significantly decrease as the size of the lesions and disease duration increased (33).  

In a more recent study, Siddig and colleagues demonstrated the expression of IL-17A 

in the granuloma induced by different mycetoma causative agents, indicating the 

importance of Th17 in immunity against mycetoma infection (34). The importance of 

IL-17 was also indicated in defence against Aspergillus fumigatus and Fusarium 

oxysporum, which are both causative agents of mycetoma (17,35), by Taylor and 

associates in murine models of fungal keratitis (36). In cooperation, IL-17-producing 

neutrophils and Th17 cells conferred protective immunity against fungal hyphae and 

regulated the severity of the corneal disease.  

Regarding the humoral arm of acquired immunity against mycetoma, Wethered and 

his colleagues used an enzyme-linked immunosorbent assay (ELISA) to quantify 

immunoglobulin levels in sera collected from M. mycetomatis eumycetoma cases and 

matched controls (37). High levels of immunoglobulin (Ig)M were observed in most 

patients, whereas low levels of specific IgG were found in some patients. Moreover, 

IgM, IgG and complement factors were detected on the surface of the grains collected 

from actinomycetoma lesions caused by Streptomyces somaliensis (30). 

Co-infection with schistosomiasis was found to be correlated with susceptibility to 

mycetoma in a small case-control study of 84 subjects in Sudan (38). In that study, the 

authors hypothesised that the prolonged Th2 response induced by schistosomiasis, 

which elevated the anti-inflammatory cytokine IL-10 expression, predisposed 

individuals to develop mycetoma. 
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1.1.5 Risk factors 

Risk factors for mycetoma can be categorised into several key areas, including 

socioeconomic, host, environmental, and behavioural factors. 

1.1.5.1 Socioeconomic factors 

Individuals living in mycetoma endemic areas often work as farmers, shepherds, and 

labourers, which puts them at risk of exposure to the causative organisms of 

mycetoma. Based on a recent household survey in Sennar State, Sudan, it has been 

determined that mycetoma is prevalent among individuals involved in agricultural 

activities (8). Sudan practices traditional rain-fed and modern irrigated farming, but 

impoverished rural and isolated communities engaged in manual agriculture are the 

most affected by this condition. These individuals are at a heightened risk of injury 

while working without proper protective footwear in the field (Figure 1.4).  

 

Figure 1.4 Snapshots of life in mycetoma endemic areas. This figure depicts the absence of 

infrastructure, ubiquitous presence of animals and their dung, the harsh acacia thorns 

underfoot, individuals navigating the terrain without proper footwear, and the overall 

challenging environment emblematic of poverty prevalent in these communities. Adapted from 

Bakhiet et al. (39), Fahal et al. (9), and Fahal and Bakhiet (40). 
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Furthermore, the survey found that 64.6% of those afflicted with mycetoma are 

involved in subsistence farming. Prior research has indicated that certain occupations, 

including animal grazing and lumberjacking, may contribute to developing mycetoma 

(41,42). In regions where mycetoma is prevalent, various domestic animals pose a 

significant risk, including cattle, goats, sheep, and donkeys. Rural residents often 

construct animal enclosures using thorny tree branches, exposing themselves to the 

risk of thorn pricks during construction and maintenance. This is a crucial risk factor 

for mycetoma, as noted in a recent population-based case-control study of 

sociodemographic risk factors for mycetoma (43).  

Poor hygiene practices resulting from underdeveloped infrastructure to provide clean 

water and sanitation and lack of awareness and education increase the risk of 

mycetoma. Additionally, healthcare facilities are frequently situated at considerable 

distances and are challenging to reach for those residing in regions where mycetoma 

is prevalent. These individuals usually have limited financial resources and must 

embark on long journeys to obtain medical assistance. Furthermore, due to religious 

beliefs, many individuals opt for traditional and herbal remedies instead of seeking 

medical treatment, which may increase the chances of secondary bacterial infections 

and late presentation (44,45). 

1.1.5.2 Host risk factors 

Understanding host risk factors is vital for identifying individuals at a heightened risk 

of mycetoma and implementing preventive measures, especially in endemic regions. 

An individual's immune status is determined by a combination of immunological 

factors, including leukocytes, antibodies, cytokines, nutrients, and genetic factors, 

collectively shaping their ability to defend against infections. Certain conditions, such 

as HIV/AIDS or immunosuppressive therapy, can weaken the immune system, 

increasing susceptibility to mycetoma. Furthermore, differences in immune responses 

between individuals can also impact susceptibility, with some people exhibiting less 

effective immune responses against mycetoma pathogens. Many such inter-individual 

differences in immune responses to infection are genetically regulated.  This has been 

well-demonstrated for many infectious diseases both in animal models and humans 

(46–48). For example, research has revealed various genetic polymorphisms that 

influence an individual's vulnerability or resistance to malaria (49), while variations in 
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human leukocyte antigen (HLA) genes can impact the progression of HIV (50). The 

contribution of genetic factors to mycetoma susceptibility remains a topic of ongoing 

research, with evidence suggesting that genetics may indeed play a role (51). 

Evidence includes previous studies detecting the presence of antibodies against 

mycetoma causative agents in unaffected residents of endemic areas, suggesting 

exposure to the causative organisms (52–54). Additionally, familial clustering of 

mycetoma patients (9,55–57) and the broader observation of host genetic factors 

determining susceptibility to other fungal subcutaneous infections (58–60) further 

support the role of genetics in mycetoma susceptibility. Lastly, several studies have 

examined the potential association, all between candidate genes involved in the host 

immune response and genetic predisposition to the disease (55,61–65). The studies 

were generally small and inconclusive or have not been replicated, and none of them 

took a genome-wide approach. A thorough review of the immunogenetics of 

mycetoma was undertaken as the first phase of my PhD research, and my findings 

are presented in the next chapter. 

Nutrient consumption supports various bodily functions, including cell growth, 

metabolism, and immune response to pathogens. Both macro and micronutrients are 

essential for the proper functioning of the cells that help fight infections. Inadequate 

intake of proteins or fats can negatively impact collagen synthesis, angiogenesis, and 

the production of cytokines and chemokines that fight infections. Similarly,  deficiency 

in vitamins such as vitamin A or minerals such as zinc can impair the functions of B 

and T cells as well as natural killer cells, making it challenging for the immune system 

to defend against infections (66–68). Malnutrition can further weaken the immune 

system in areas where mycetoma is endemic, making individuals more susceptible to 

infections caused by bacteria and fungi (69).  

1.1.5.3 Environmental factors 

Mycetoma is a disease prevalent in tropical and subtropical areas with particular 

weather patterns. These regions usually have low annual rainfall, a dry winter, a brief 

yet intense rainy season, and high daytime temperatures (45-60°C) all year round. 

These extreme environmental factors are thought to create ideal conditions for the 

survival of microorganisms that cause mycetoma (70). Through analysing soil samples 

from highly affected areas in Khartoum State, Sudan, researchers discovered M. 



10 
 

mycetomatis DNA fragments identical to those in mycetoma patients (71). This fungus 

is responsible for approximately 70% of cases in Sudan and is commonly found in soil, 

suggesting it may be the primary source of infection. Researchers recently conducted 

a study utilising a metabarcoding technology-based soil sampling survey to identify 

fungal species in soil samples collected from seven villages in Sennar state (72). 

Metabarcoding is a high-throughput DNA sequencing technique that identifies and 

quantifies microorganisms such as bacteria, fungi, archaea, and protists in an 

environmental sample (73). This technique amplifies and sequences specific DNA 

markers conserved across a group of organisms (e.g., the 16S ribosomal RNA gene 

for bacteria or the ITS region for fungi. The study focused on the ITS region and 

identified twelve eumycetoma causative organisms, including M. mycetomatis, in 83% 

of the collected soil samples. 

The Eastern Sennar Locality survey reported the majority of mycetoma infections 

(83%) occurred during the rainy seasons (summer and autumn), suggesting a 

preference by the causative organisms for wet soil (8). This survey also indicated that 

70% of farms in endemic areas were surrounded by trees, of which 90% of species 

had thorns. These trees with thorns serve multiple purposes for the locals, including 

building enclosures for livestock (39), using them as a primary source of cooking fuel 

(8), and even as fences for their houses (9). According to another study by Hassan 

and associates, mycetoma is more prevalent in arid areas near water sources, soil 

with low calcium and sodium levels, and certain species of thorny trees (74). 

1.1.5.4 Behavioural Factors 

Failing to wear protective footwear in areas where mycetoma is expected, mainly when 

walking or working outside, raises the likelihood of injury and the subsequent 

development of mycetoma infection (41). Additionally, improper wound care and 

hygiene practices after an injury may result in secondary infections that can progress 

to mycetoma. 

1.1.6 Diagnosis of mycetoma 

Since numerous agents can cause mycetoma, identifying the causative organism is 

essential to differentiate between the disease’s two forms and develop an appropriate 

treatment plan. A combination of techniques is required to reach an accurate diagnosis 

of mycetoma. The recommended protocol in endemic areas with limited resources 
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suggests starting with fine-needle aspiration cytology (FNAC). If the FNAC result is 

negative, it is recommended to perform a grain culture and histopathological 

examination with a sample obtained from a deep surgical biopsy (Figure 1.5). 

Molecular identification of the causative organisms by polymerase chain reaction 

(PCR) and whole genome sequencing (WGS) are the most accurate techniques. Still, 

both are considered expensive in regions where mycetoma is endemic (75). This 

raises the need for a reliable, fast, and cheap diagnostic tool for mycetoma since all 

existing techniques are invasive, time-consuming and inaccessible in endemic areas 

(11,51,76). 

 

Figure 1.5 The recommended protocol for diagnosis of mycetoma. Adapted and modified from 

Ahmed AA (75). Figure created using BioRender.com. 

1.1.7 Mycetoma treatment 

Regarding treatment, the regimen used to treat actinomycetoma (combination therapy 

of amikacin sulphate and trimethoprim-sulfamethoxazole) has a relatively high cure 

rate of about 90% (14). On the other hand, the current eumycetoma treatment (azole 

therapy, typically itraconazole, before and after surgical excision) has a low cure rate 

of 25–35% at best and frequent recurrence, which could eventually lead to limb 

amputation (9,77). The long duration of treatment is suboptimal, especially for patients 

with a late diagnosis, which is the case for most mycetoma patients (15,78). A vicious 

cycle leads to poor disease management; the patient presents late owing to fear of 
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amputation, which is the conclusive choice of therapy for late-presenting patients. 

Another reason for late presentation is that nearly 42% of mycetoma patients first seek 

herbal and traditional treatment (44,45), which is relatively cheaper compared to an 

estimated average cost of treatment of 567 USD per year (8). 

In 2017, a double-blind, randomised clinical trial was conducted at the Mycetoma 

Research Centre (MRC), a WHO-collaborative centre in Sudan, to evaluate 

fosravuconazole for eumycetoma treatment. This drug was initially developed for 

onychomycosis with more favourable pharmacokinetic properties when compared to 

itraconazole and low toxicity (79). A recently published results of the clinical trial 

indicate that fosravuconazole and itraconazole have comparable efficacy rates (80). 

Fosravuconazole demonstrated rates of 65% and 85% in the 300-milligram and 200-

milligram arms, respectively, while itraconazole exhibited 80% in the 400-milligram 

arm, which exceeded expectations. Although the differences were not statistically 

significant, fosravuconazole presents significant advantages over itraconazole. 

Notably, it only necessitates one pill per week, whereas itraconazole requires four 

tablets daily. This substantial reduction in pill burden, from 120 to 4 tablets per month, 

enhances patient adherence to the treatment regimen. Furthermore, 

fosravuconazole's once-a-week dosing, lack of food effect, and minimal drug 

interactions render it a promising alternative treatment for mycetoma (80). 

Concurrently, there are several attempts to repurpose existing drugs for mycetoma 

treatment. 

1.2 Sudanese population structure  

1.2.1 Background on Sudan 

Sudan, a nation that straddles Sub-Saharan Africa and the Middle East, boasts a vast 

land area of approximately 2.5 million square kilometres, equating to nearly one million 

square miles. Due to its extensive land area, it ranks as the third-largest country in 

Africa (81). The country shares its borders with seven neighbouring countries: Egypt 

to the north, Eritrea and Ethiopia to the east, South Sudan to the south, the Central 

African Republic to the southwest, Chad to the west, and Libya to the northwest. 

Moreover, the country is bounded by the Red Sea to the northeast (82). Sudan's 

topography is diverse, encompassing desert and mountain regions. The Nile is 

Sudan's most prominent geographical feature and primary water source (83). It is 
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formed by two major tributaries: the White Nile, which originates from the Great Lakes 

region in central Africa, and the Blue Nile, which starts in the Ethiopian Highlands. The 

two tributaries converge at the capital city, Khartoum, where the river is then named 

the Nile and flows northward into Egypt. 

Sudan experiences a tropical climate with varying temperatures depending on the 

region and season. Temperatures in the arid northern region can exceed 45 degrees 

Celsius, and rainfall is negligible. In the central region, semi-arid conditions persist 

with high temperatures and low humidity. The southern border, adjacent to South 

Sudan, experiences a semi-humid climate. The Red Sea coast has a different climate 

from the rest of the country, associated with the formation of Lake Nubia behind the 

Aswan High Dam near the border with Egypt (84). The country is divided into 18 states 

and 189 localities, each with smaller administrative units. North Darfur is the largest 

state, but despite being the smallest province in the country, Khartoum has the largest 

population of 7.38 million (82,85). 

Sudan has an estimated population of 48.29 million, but the distribution is not evenly 

spread across the vast territory (86). Most of the population resides in the central and 

northern regions, particularly along the Nile River and its tributaries. The urban and 

rural populations coexist in Sudan, with cities like Khartoum and Port Sudan boasting 

modern infrastructure, including schools, hospitals, and transportation networks, 

resulting in higher population densities (86). Conversely, rural areas tend to be more 

traditional and rely on agriculture, pastoralism, and traditional crafts for livelihoods 

(87). Nomadic and semi-nomadic communities in the Western regions, particularly in 

Darfur and Kordofan, lead a mobile lifestyle and often follow traditional migration 

routes in search of grazing land and water sources for their livestock (88). Disparities 

in healthcare access and educational opportunities exist between urban and rural 

areas (89). Access to quality healthcare and education can vary significantly based on 

geographic location and socioeconomic status (90,91). 

Sudan's economy has experienced significant transformations in recent years. Before 

the discovery of oil in 1999, agriculture was the primary source of income for the 

country since its independence in 1956. However, after the commencement of 

commercial oil exports, Sudan's economy became heavily dependent on oil revenues. 

From 2000 to 2011, oil revenues contributed an average of 20% and 95% to the 
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country's Gross Domestic Product (GDP) and export earnings, respectively. 

Nonetheless, when South Sudan seceded in 2011, the country lost 76% of its oil 

revenues, resulting in economic challenges such as negative growth, high inflation, 

budget deficits, and exchange rate instability (92,93). As per the World Bank's report 

for 2023, the country's GDP has been declining since 2018, with an annual average 

decrease of -2.3% from 2018 to 2022 (94). During the same timeframe, per capita 

GDP has also witnessed an average decline of 5.4% yearly. Since South Sudan's 

secession, the per capita GDP has continuously declined, averaging 3.0% yearly (94). 

The primary reliance on agriculture accounted for around 40% of total GDP and 

employed approximately 70% of the population (95). Sudan's economy heavily relies 

on animal husbandry, which has seen a boost in production due to improved veterinary 

treatment, lenient credit policies, and higher market prices. This sector supports 

approximately 17% of the population's livelihoods. Livestock products from Sudan met 

the country's domestic meat demands in 2015, with enough excess for exports, which 

comprised around 25% of total exports.  

As per the official estimates based on the 2014-2015 National Budget and Household 

Survey, about 36.1% of the population had per capita spending below the national 

poverty line (96). The current estimate is on the rise, primarily due to the heightened 

instability and insecurity brought about by the ongoing power conflict between the 

Sudanese armed forces and the Rapid Support Forces militia, which commenced in 

mid-April 2023. The conflict has spilt over to various parts of the country, reigniting 

hostilities in traditionally volatile regions such as Darfur and Kordofan. Additionally, 

Sudan’s already dire economic situation is worsening further, making economic and 

financial stabilisation prospects unlikely in the foreseeable period (97).  

1.2.2 Ethnolinguistic groups 

Africa is the birthplace of anatomically modern humans, who originated there within 

the past 300,000 years (98). The origins of our human lineage can be traced back to 

modern-day Sudan over a million years ago (99). Interestingly, this predates the 

estimated emergence of Homo sapiens by roughly 700,000 years (99). This continent 

is where humans began migrating out of around 60,000 to 80,000 years ago (100–

102). Africa is known for its diverse range of ethnic and linguistic groups, with over 

2,000 ethnolinguistic groups representing around one-third of the world’s languages 
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(103). Within this vibrant tapestry, four major ethnolinguistic groups stand out, each 

with unique characteristics and historical significance. Afro-Asiatic is one of the largest 

language families in Africa, with 382 languages spoken by agropastoralist and 

agriculturalist populations in North Africa and parts of the Horn of Africa (104). Arabic, 

a prominent Afro-Asiatic language, is spoken across the Arab world and serves as the 

liturgical language of Islam. Other Afro-Asiatic languages include Amharic in Ethiopia 

and Hausa in West Africa (103). The Niger-Kordofanian (interchangeably named 

Niger-Congo) language family is the largest in Africa (1554 languages) and is spoken 

by a vast number of people in Sub-Saharan Africa residing across West, Central, and 

Southern Africa (105). The diversity within Niger-Congo encompasses tonal 

languages like Yoruba, the Bantu languages spoken across much of Sub-Saharan 

Africa, and many more (103). Nilo-Saharan includes 210 languages predominantly 

spoken by pastoralists in North and East Africa, often in regions around the Nile River 

and its tributaries (106). Dinka-Nuer in South Sudan, Kanuri in Nigeria and Chad, and 

Zaghawa in Sudan are examples of Nilo-Saharan languages (103). The linguistic 

diversity within the group mentioned above reflects the vast array of landscapes it 

inhabits. This familial unit is present across extensive regions situated east and north 

of Lake Victoria in East Africa while extending as far west as the Niger Valley in Mali, 

West Africa (106). Khoisan, a unique and relatively small ethnolinguistic group, is 

characterised by click consonants and is found primarily in Southern Africa (107). The 

Khoisan peoples are known for their hunter-gatherer lifestyles and distinct click 

languages (108). 

Sudan is home to 19 major ethnic groups and over 597 ethnic subgroups 

communicating in more than 100 languages and dialects (109). The predominant 

ethnic group in the area is comprised of Arabic-speaking Muslims, constituting around 

70% of the entire populace. Their daily lives are greatly shaped by the significance of 

Islam, which plays a pivotal role in their cultural, legal, and social practices (86,109). 

Arabic is the official language used in urban settings and for official purposes. The 

languages spoken in Sudan belong to three major African language families: Afro-

Asiatic, Niger-Kordofanian, and Nilo-Saharan. Some putative language isolates are 

also found in the South Kordofan region (103).  
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1.2.3 Genetic population structure 

The connection between ethnolinguistic groups and population genetic structure is 

complex, encompassing the impact of culture, language, and genetics. Despite 

Africa's crucial role in the emergence and evolution of anatomically modern humans, 

there is a conspicuous absence of African representation in human genomic research, 

databases, and reference panels (110). This deficiency impedes our understanding of 

human ancestry and the evolution of complex traits and related diseases. 

Nevertheless, this underrepresentation contradicts that African genetic diversity is 

substantial, with compelling evidence of biological, environmental, and climate-related 

adaptations within African genomes (102). Several studies using Africans’ WGS data 

reported millions of previously undescribed variants identified in underrepresented 

ethnolinguistic groups, particularly in North and East African populations (110–112). 

Therefore, there is a pressing need for a full repertoire of African genomic variation to 

represent better the distribution of variants in both the African diaspora and global 

populations (112). Furthermore, it has been observed that some genetic variants 

considered potentially pathogenic by ClinVar, a public database collecting information 

on genetic variants and their clinical significance in human health and disease (74), 

may be benign and occur frequently in specific African populations (110). As such, it 

is essential to incorporate diverse ethnic groups in genetic studies to avoid relying 

solely on rarity as a criterion for evaluating a variant's potential pathogenicity in clinical 

studies. 

The linguistic diversity in Sudan mirrors genetic diversity, as people within the same 

linguistic group share common genetic markers due to their historical and ancestral 

connections (113). A recent study explored the fine-scale genetic structure and 

historical admixture (the blending of genetic traits from different ethnic or regional 

groups due to interbreeding, migration, or other forms of gene flow) within African 

populations (114). The study scrutinised data from 1387 individuals, predominantly 

hailing from Cameroon, the Republic of the Congo, Ghana, Nigeria, and Sudan, to 

relate genetic data to various questions, particularly those grounded in anthropology 

and archaeology. Notably, among Sudanese populations along the Nile, belonging to 

Arabic and Nubian ethnic groups, genetic variation displayed minimal correspondence 

with ethnicity, indicating the Nile's role in promoting intermixing among these 

Sudanese groups (115). In contrast, the Nuba mountains in southern Sudan exhibited 
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fine-scale genetic structure correlating with ethnolinguistic groups, suggesting the 

mountains’ role as a historical refuge and differentiation between Niger-Congo 

(Kordofanian) and Nilo-Saharan speakers (114). The study also identified multiple 

waves of admixture in Sudanese populations, particularly related to Arabian-like 

sources. For instance, the Beni-Amer, a coastal Beja ethnic group, exhibited more 

significant inferred genetic variation related to Ethiopian Afro-Asiatic groups, possibly 

stemming from interactions during the period of the first millennium in Common Era 

(CE) when the Kingdom of Aksum extended across northern Ethiopia, coastal Sudan, 

and Yemen. Additionally, two Sudanese clusters, primarily containing Nile inhabitants, 

showed admixture events with sources related to present-day Arabians and East 

African Nilo-Saharan speakers, confirming a previous study (116) that justified the 

findings as a reflection of the historical collapse of the Kingdom of Makuria, which 

allowed Arabic groups to expand down the Nile into Sudan (117).  

Marriage is a prevalent custom in Sudan, with a vast majority of both genders (95%) 

tying the knot by the time they reach 50 years of age (118). However, the age at which 

marriages occur tends to vary depending on whether they are in a rural or urban 

setting. Typically, women in rural areas get married at 19, whereas their urban 

counterparts tend to wait until they are 24 years old. Conversely, men usually get 

married at the median age of 27 in rural areas and 32 in urban areas (118). The 

Sudanese population has one of the highest rates of consanguineous marriages 

globally, ranging from 40-49% (119). This rate has remained consistently above 40%, 

indicating its deep-rooted presence in our population (120,121). One of the earliest 

studies on the general population in Khartoum state, dating back to 1988, found a 

consanguinity rate of 52% using data from 4833 marriages (120). The most common 

form of consanguinity in that study was first-cousin unions, constituting approximately 

half of all consanguineous marriages with an inbreeding coefficient of 0.03. A recent 

national household survey collected data from 2272 participants between December 

2022 and March 2023 (121). The survey revealed that a significant proportion of 

respondents (42.8%) were married to consanguineal partners with various levels of 

relatedness. Additionally, 32.1% of single respondents planned to marry close 

relatives, again indicating the persistence of consanguineous marriages. Religious 

and social factors can explain the high percentage of first-cousin marriages. More than 

90% of the Sudanese population follows Islam (122), and the marriage regulations in 
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Islam allow for first-cousin and double first-cousin marriages (123). However, the 

Quran prohibits uncle-niece or aunt-nephew marriages. That being said, there is no 

encouragement of consanguinity within Islam, but the strong preference for first-cousin 

marriage in most Muslim countries reflects perceived socioeconomic advantages 

(123). These advantages include more accessible marriage arrangements, greater 

compatibility with future in-laws, more secure marital relationships, and maintaining 

family holdings' integrity (124).  

Consanguinity was reported as a significant risk factor for human susceptibility to 

infectious diseases such as tuberculosis and hepatitis (125). Moreover, the link 

between consanguinity and genetic disorders, especially autosomal recessive 

conditions, has been documented in numerous studies conducted in Sudan, including 

haemoglobinopathies, sexual development and neuropsychiatric disorders (126–133). 

The high prevalence of the haemoglobin S (HbS) mutation in the human haemoglobin 

(Hb) subunit beta among the Bagara (nomadic pastoralists of Arab descent) of western 

Sudan highlights the influence of culture on disease burden and the accumulation of 

deleterious mutations. The frequency is among the highest in Sudan and Africa, 

apparently due to consanguinity (126,127). Their migration and admixture within 

present-day Sudan from the region around Lake Chad are estimated to have occurred 

over the last 4,000 years (126). It is speculated that they introduced the HbS mutation, 

with its unique variety of typical and atypical haplotypes, to the local Nilo-Saharan 

populations who rarely practice cultures of internal marriages (within-tribe and/or 

consanguineous marriages), resulting in a much lower frequency of carriers and 

disease (102). Furthermore, Daak and associates reported a high carrier (HbAS) 

percentage in western Kordofan State (127), which they linked to the heterozygote 

genotype advantage against fatal malaria (134,135). Another study investigated the 

ethnic differences concerning visceral leishmaniasis in two villages in eastern Sudan 

(136). This study employed genome-wide linkage scans of multicase families to reveal 

associations with markers on chromosomes 1 and 6.  Additionally, the study 

uncovered a concealed population structure and village-specific genetic lineage, 

which were attributed to a founder effect and consanguinity (136). 

It is imperative to acknowledge the significant influence of the ongoing turmoil and 

political unrest on Sudan's population structure, particularly in demographics and 

distribution. Countless individuals have lost their lives or suffered injuries, and millions 
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have been forced to flee their homes within Sudan and beyond its borders. Over 5.1 

million people have been internally and externally displaced as of mid-April 2023. 

According to the International Organization for Migration Displacement Tracking 

Matrix (IOM DTM), as of September 5th 2023, more than 4.1 million people have been 

internally displaced, which is twice that before the conflict began (137). People have 

fled from eight states and have sought shelter in 3,733 locations across all 18 states. 

Additionally, the UN Refugee Agency (UNHCR) has reported that as of September 6th, 

over one million people have crossed into neighbouring countries, including the 

Central African Republic, Chad, Egypt, Ethiopia, and South Sudan (138). 

1.3 Approaches to identifying infectious diseases susceptibility genes 

Several sources of evidence confirm the role of host genetic variations in susceptibility 

and response to infectious diseases (46,48). Various complementary approaches 

have been adopted to identify genetic variation predisposing to infectious diseases. I 

explored how these approaches can help in studying mycetoma host genetics. Some 

examples will be discussed in the following sections. 

1.3.1 Twin and adoption studies 

Several clues signifying the role of host genetics in susceptibility to infections have 

come from twin and adoptee studies. Both study types are used to untangle a 

particular trait's genetic and environmental influences. Twin studies are based on 

comparing concordance for particular infectious diseases between monozygous 

(identical) and dizygous (non-identical) twins. Monozygous twins share 100% of their 

genetic makeup while dizygous twins only share 50%; therefore, higher concordance 

in monozygous twins than dizygous twins suggests a genetic component to a given 

trait. This type of study was used to pinpoint the role of host genetics in predisposition 

to tuberculosis, leprosy, and hepatitis B (139–141). Adoption studies, alternately, 

examine individuals adopted early in life by unrelated parents. Perhaps one of the 

most prominent adoption studies was in 1988, when the researchers reported a 

relative risk of death due to infection of 5.81 in adoptees if one of their biological 

parents prematurely died due to an infection (142). The following approaches typically 

use family studies and the former two types. 
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1.3.2 Familial aggregation studies 

Conventional approaches based on familial aggregation of a given trait include 

heritability and sibling recurrence risk (Ks). Heritability is the proportion of phenotypic 

variance attributed to genetics (143). Narrow-sense heritability (h2) is linked to the 

additive genetic component and denotes the degree to which genes transmitted by 

parents determine the offspring phenotype. Broad sense heritability (H2) is the ratio of 

total genetic variance, including dominance and gene-gene interaction, divided by the 

total phenotypic variance (143). Meanwhile, sibling recurrence risk refers to the 

probability of developing the disease in a sibling of an affected individual (144). Both 

estimates were successfully used to confirm the contribution of the genetic component 

in another NTD named podoconiosis (145). The study was based on 59 pedigrees 

(family trees) collected from an endemic region in Ethiopia and found a relatively high 

heritability of 63% (SE 0.069, P = 1 × 10-7) and a sibling recurrence risk of 27.7% (over 

one-quarter of siblings of probands were themselves affected). That study formed the 

basis for further investigations that identified an association between HLA class II loci 

variants and podoconiosis using genome-wide association studies (GWAS) (146,147).  

The utilisation of consanguineous families can prove to be a valuable tool in identifying 

single genes that play a role in immunity towards complex infections phenotypes. For 

instance, although mycobacterial infections, including tuberculosis (TB), are complex 

diseases influenced by a combination of genetic, environmental, and socio-economic 

factors, certain severe paediatric forms are caused by single-gene mutations (148). A 

study conducted in areas where consanguineous marriages are prevalent, found that 

two children with severe TB from unrelated consanguineous families from Iran and 

Turkey had two different homozygous loss-of-function (LOF) mutations in the 

interleukin-12 receptor beta 1 (IL12Rβ1) gene (149). Both patients had complete IL-

12Rβ1 deficiency, which impaired the IL-12 signalling pathway, a crucial component 

in host immunity against tuberculosis infection (150).  

To date, no studies have been undertaken to estimate familial aggregation, investigate 

the disease’s mode of inheritance or confirm the genetic component of susceptibility 

towards mycetoma based on the observed familial clustering (mentioned in section 

1.1.5.2). 
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1.3.3 Candidate gene approach 

Until the early 2000s, this was the most common approach to looking for an 

association between complex diseases, including infections and candidate genes 

(151). Using case-control studies, this approach focuses on genotyping 

polymorphisms in biologically plausible candidate genes. All the previous studies on 

genetic susceptibility to mycetoma followed this approach as described in the following 

chapter. The drawbacks of this approach are a) their reliance on a predefined 

hypothesis based on often incomplete biological knowledge, b) small sample sizes 

that result in inadequate study power, and c) poor degree of replication (151,152). 

Coupling candidate gene studies with hypothesis-free GWAS has identified large-

effect variants conferring susceptibility to many infectious diseases (153).  

1.3.4 Genome-Wide Association Studies 

To overcome the limitations of the candidate gene approach, GWAS was developed 

to identify shared common genetic variation with local correlation patterns known as 

linkage disequilibrium (LD) (101). The term LD refers to the non-random coinheritance 

of alleles at different genomic regions (loci) in a population due to their physical 

proximity on a chromosome and lack of recombination over many generations (154). 

GWAS utilised this LD phenomenon along with the human genome sequence, the 

International HapMap project and the developments in microarray-based high-

throughput genotyping technology to enable genotyping up to millions of 

polymorphisms across the genome, with no prior assumption about the location of 

causal variants (155). 

This approach identifies variants with a possible association with the disease trait by 

using large, well-characterised cohorts of cases and controls to compare allele 

frequencies of genetic variants between these two groups. Thus, this requires large 

sample sizes to get sufficient statistical power to detect true associations after 

correction for multiple testing. The statistical significance threshold of a GWAS 

requires a P value of < 5×10-8 (156).  

The genotyping arrays used for GWAS can capture only a fraction of all genetic 

variants, estimated to reach up to 10 million common variants (157). Genotype 

imputation is a statistical method utilised to overcome this problem via estimation of 

the missing genotypes using reference panels (158) such as the 1000 Genomes 
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Project, the Haplotype Reference Consortium (HRC), and Trans-Omics for Precision 

Medicine (TOPMed) reference panels (159–161). Another drawback of GWAS is that 

they only identify loci likely to harbour disease-causing genes without pinpointing the 

causal variant. Fine mapping solves this drawback by determining the causal variants 

by estimating the probability of each variant being causal in a correlated set compared 

to others in the same set (162). 

Most large-scale GWAS have been conducted in European populations; thus, the 

outcomes may not apply to African populations suffering the most from infectious 

diseases (163). Additionally, African populations are genetically highly diverse and 

have shorter regions of LD (157). This led to the creation of genotyping arrays such 

as the H3Africa consortium array to provide genome-wide denser coverage for African 

populations (164). Malaria is an excellent example of how the selection of population-

specific SNPs that are relevant and polymorphic in African populations, in addition to 

enhancing the density of genotyping arrays, has increased the power to detect causal 

variants. In 2009, Jallow and associates used the Affymetrix 500K GeneChip to carry 

out a GWAS in 1,060 children with severe malaria and 1,500 controls (165). The 

investigators failed to detect genome-wide association signals corresponding to 

previously reported malaria associations, particularly the locus that contains the HbS 

causal variant in the haemoglobin subunit beta (HBB) gene, which confers a malaria-

protective effect (134,135). However, they managed to increase the genome-wide 

association signal of the HbS locus from P = 3.9 × 10−7 to 4.5 × 10−14 by imputation 

using a reference panel of 62 randomly selected Gambian controls. This study 

highlighted the need for denser genotyping arrays to overcome the low LD present in 

African populations. Ten years later, the malaria genomic epidemiology network 

(Malaria GEN) combined GWAS data of 17000 individuals from Africa, Asia and 

Oceania, genotyped using the Illumina Omni 2.5 M platform, to confirm loci previously 

associated with resistance to severe malaria such as HBB, ABO, alpha 1-3-N-

acetylgalactosaminyltransferase and alpha 1-3-galactosyltransferase (ABO), ATPase 

plasma membrane Ca2+ transporting 4 (ATP2B4) and the glycophorin region on 

chromosome 4 in addition to a new locus on chromosome 6 (166). 
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1.3.5 Next generation sequencing 

In the past few years, advances in DNA sequencing technologies have revolutionised 

biomedical research and facilitated the discovery of genetic variations associated with 

complex diseases. Next generation sequencing (NGS) processes allow massively 

parallel sequencing of biological macromolecules such as nucleic acids and proteins. 

The main advantage of sequencing over genotyping is the ability to identify any variant 

in a genome rather than using a pre-specified few million common variants on a 

genotyping array (167). The power of NGS has broadened the scale of many 

applications, including the identification of genetic variation, new genomes or 

transcriptomes assembly, quantitative RNA-sequencing analysis, and epigenetic 

change detection (168). In the following sections, I will review some of these advanced 

applications and how they were utilised to unravel the complexities of the genetics of 

some infectious diseases. 

1.3.5.1 Whole-genome and whole-exome sequencing 

Whole genome sequencing (WGS) is the process in which the entire genomic DNA 

from a single sample is digested into small fragments that are then sequenced 

simultaneously (massively parallel sequencing) (168). This process generates millions 

of short reads (~150 base pairs) that are aligned to a reference genome for detecting 

potential genetic variation sites. Whole exome sequencing (WES) is the selective 

capture and sequencing of the protein-coding (exonic) regions of the genome. These 

exonic regions constitute approximately 1-2 % of the human genome, yet it is 

estimated that 85% of known variations causing disease-related traits are found within 

these regions (169). This is because the variations are typically clinically relevant and 

potentially actionable (i.e., likely pathogenic or pathogenic variants in genes 

associated with diseases that could lead to altering the medical management such as 

treatment or surveillance) compared to those that occur in non-coding regions (170). 

Compared to WGS, WES is more cost-effective and provides better coverage and 

higher power to detect low-frequency and rare disease-causing variants by deep 

sequencing all known exons (171,172). However, WGS provides much more 

comprehensive information on genes by sequencing the noncoding regions, which 

capture 98%–99% of the genome and include promoters and enhancers, among other 

regulatory elements. Genetic variants identified by WGS include single nucleotide 

polymorphisms (SNPs), insertions/deletions (indels), structural variants (duplications, 
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deletions, and inversions), and copy number variants (CNVs). In contrast, WES can 

only detect variants most likely to affect protein structure, such as nonsense, start-

loss, stop-loss, splice-site variants, and frameshift indels (173). 

The success of sequencing in studying monogenic diseases is reflected, for example, 

in a study done on chronic granulomatous disease (CGD) which is a primary 

immunodeficiency (PID) resulting from defects in the NADPH oxidase subunits (CYBB, 

CYBA, NCF-1, NCF-2 and NCF-4) that are essential for the generation of reactive 

oxygen species (ROS) within phagocytes (174). The defective CGD phagocytes 

increase susceptibility to severe recurrent fungal infections, including aspergillosis (in 

one-third of all CGD cases) (174) and candidiasis (175). WGS was recently employed 

to identify a homozygous LOF variant in the CYBC1 gene in two brothers diagnosed 

with CGD, which led to the discovery of a novel function for CYBC1 as a chaperone 

for one of the subunits of the NADPH oxidase (176). 

1.3.5.2 Dual RNA sequencing 

Similar to how GWAS was preferred over candidate-gene studies based on 

hypothesis-free versus hypothesis-based approaches, RNA sequencing (RNA-seq) 

has become the first choice in transcriptomic analysis, replacing hypothesis-driven 

microarrays. RNA-seq, or whole transcriptome sequencing, involves sequencing the 

entire RNA population (reverse-transcribed into cDNA) in a sample (177). In addition 

to studying the expression levels of the transcripts similar to microarrays, RNA-seq 

can provide information about novel transcripts and offers higher sensitivity and the 

ability to detect non-coding RNAs (such as microRNAs) (177,178).  

Dual RNA-seq is an emerging technology that allows simultaneous sequencing of the 

transcriptomes of both host and pathogens in vitro. Subsequent isolation of each 

transcriptome is conducted in silico by aligning the sequencing reads to the respective 

genomes of the organisms (179). This technique allows the identification of the 

molecular mechanisms underlying host-pathogen interaction at the site of infection. A 

recent study of dual transcriptomes on leprosy patients’ skin lesions helped the 

researchers to identify a link between Mycobacterium leprae heat shock proteins and 

the host humoral immunity (180). This approach can be utilised to identify critical 

determinants of molecular pathogenesis for several poorly understood diseases, such 

as mycetoma.  



25 
 

1.3.5.3 Multi-omics analysis 

Another approach to reveal host-pathogen interactions is multi-omics, where different 

omics technologies are integrated to gain a comprehensive understanding of the 

biological system of interest. Examples of omics include genomics, transcriptomics, 

epigenomics, proteomics, metabolomics and lipidomics, representing high throughput 

characterisation of genes, RNA, DNA methylation or histone modifications in 

chromosomes, proteins, metabolites and lipids, respectively (181). This approach was 

successfully used after the West African Ebola virus disease (EVD) outbreak of 2013-

2016 to understand how the difference in host response contributed to disease 

severity (182). The researchers used peripheral blood mononuclear cells (PBMC) and 

plasma from 9 patients with fatal EVD, 11 EVD survivors and 10 healthy controls to 

integrate metabolomics, proteomics, lipidomics and transcriptomics data. They were 

able to identify several biomarkers, such as L-threonine and the vitamin D binding 

protein (GC), that could predict disease fatality. Additionally, they compared their 

PBMC transcriptome with that of patients with septic shock and identified a common 

signalling pathway between EVD fatalities and patients with sepsis (182). 

We are in an era where various approaches may help predict disease risk or lead to 

more personalised interventions.  However, many challenges remain in utilising the 

abovementioned approaches to increase our understanding of human genetics and 

genomics and their relation to infectious diseases, including mycetoma, and the 

specific challenges of working in low-resource settings. 

1.4 Rationale and Objectives 

Some evidence suggests that host genetic factors regulate susceptibility to mycetoma. 

Still, mycetoma is a complex trait where the interaction of multiple genes with each 

other and environmental factors, as well as the pathogen, causes the disease. It is 

thus challenging to identify the causal gene variants. Family-based analyses are better 

suited for identifying rare high-risk causal variants and offer insights into critical 

immune response pathways that can be further explored at the population level. Co-

segregation of such variants with the disease in affected family members, using 

extended pedigrees, can lend evidence to pathogenicity predictions and aid in 

discovering rare variants (minor allele frequency of <1%) with large effect sizes. 

Adopting NGS technology such as WGS can underpin a new strategy to interrogate 
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the genome for variants associated with mycetoma. In parallel, at the population level, 

GWAS can facilitate the detection of common genetic variants (minor allele frequency 

of >5%) based on the “common disease, common variant” hypothesis (183).  

I postulated a crucial role of host genetic variation in determining susceptibility to 

mycetoma. My project used several methods to determine the genetic basis of 

predisposition to the disease. The study objectives were: 

1. To critically assess the role of genes in the development of mycetoma using 

published literature. 

2. To estimate the relative contribution of genetic factors to mycetoma aetiology 

using familial aggregation analysis. 

3. To identify rare variants conferring susceptibility to mycetoma using family-

based WGS. 

4. To detect common genetic variants associated with mycetoma using 

population-based GWAS. 

The original contribution of this thesis is to provide insight into the role of host genetic 

variations as risk factors for mycetoma in Sudan.  
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CHAPTER 2 - Exploring host genetic susceptibility to 

mycetoma and fungal infections: An in-depth review 

2.1 Overview 

The development and progression of diseases are heavily influenced by host factors, 

as observed in various infections. This is also true for mycetoma, a condition that 

significantly burdens affected communities. Unfortunately, our current understanding 

of this disease is far from complete, hindering progress in developing essential 

medications and vaccines. Hence, my research is motivated by the need to drive 

progress in this area.  This chapter explores the intricate relationship between host 

genetic factors and susceptibility to mycetoma and other fungal infections. Grounded 

in epidemiological evidence, the understanding emerges that genetic predisposition to 

these infections is a complex interplay of various genes, environmental factors, and 

pathogens that cause disease. A review of existing knowledge of genetic susceptibility 

to fungal infections, with particular relevance to mycetoma, constitutes the cornerstone 

of this chapter. This narrative review aimed to provide a profound and 

multidimensional understanding of the genetic underpinnings governing susceptibility 

to mycetoma and analogous fungal infections. 

2.2 Methods 

An exhaustive search was conducted by utilising various electronic databases such 

as PubMed/MEDLINE and Google Scholar to conduct a comprehensive narrative 

review of the existing literature. The search included combinations of the following 

keywords: “mycetoma,” “polymorphisms,” and “genetic susceptibility” for reviewing 

articles regarding susceptibility to mycetoma. For genetic susceptibility to fungal 

infections, the keywords “fungal,” “infection,” “mycoses,” and “genetic susceptibility” 

were used as search terms.  

All articles identified through the two electronic databases were analysed to ensure 

they were within the scope of this review. Only papers written in English were included, 

and the year of publication was not restricted. 
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2.3 Host genetic susceptibility to mycetoma and other fungal infections 

Host risk factors that could influence susceptibility to mycetoma include immunological 

status, genetic predisposition, nutritional status, immunosuppression from HIV, co-

infections, and using drugs such as antibiotics or steroids. Although there is a clear 

link to low socioeconomic status, only a proportion of individuals exposed to 

mycetoma-causing organisms develop clinical disease, notwithstanding a shared 

environment and the ubiquitous environmental presence of the pathogen in endemic 

areas.  This observation raised the hypothesis that host genetic factors have a role in 

determining the development of infection. Several lines of evidence support this 

hypothesis, including:  

i. Three previous studies used ELISA to demonstrate the presence of antibodies 

against mycetoma causative agents in the sera of unaffected residents in 

endemic areas, indicating exposure to the causative organisms (52–54).  

ii. Familial clustering of mycetoma patients, which Al Dawi and her colleagues first 

observed in a hospital-based study at the MRC that included 53 eumycetoma 

patients and 31 healthy controls (55). This study, conducted in 2013, showed 

that more than 62% of the enrolled patients had at least one relative affected 

by mycetoma. A year later, a community-based study also suggested a role for 

genetic predisposition, with 52% of mycetoma patients having a family member 

with the disease (9). A retrospective study in 2015 reported a family history of 

mycetoma in 12% of 6,792 patients seen at the MRC from 1991 to 2014 (56). 

In a more recent community-based study involving 41,176 individuals surveyed 

in Eastern Sennar Locality, Sennar State, Hassan and associates reported a 

family history of 35.7% from 359 mycetoma patients (57). 

It is important to note here that although it is known that families share their 

environment and their genes, in communities affected by mycetoma, multi-case 

families live near other families with no mycetoma cases, suggesting gene-

environment interaction is of significant consequence. 

iii. There are other skin fungal infections in which host genetic factors determine 

disease susceptibility. Examples include chromoblastomycosis (CBM) and 

phaeohyphomycosis which are caused by a group of dematiaceous (melanin-

pigmented) fungi that also includes causative organisms of eumycetoma (184). 

CBM is a subcutaneous fungal infection similar to mycetoma in that the 
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microorganism Phialophora verrucose can be a causative organism for both 

diseases (185,186). Pérez-Blanco and associates suggested familial 

inheritance in CBM after finding a 3.5 times higher risk of developing CBM 

among members of common ancestry in an endemic state in Venezuela (58). 

In another study in Brazil involving 32 CBM patients and 77 healthy matched 

controls, Tsuneto and colleagues found that HLA-A29 was significantly 

associated with susceptibility to the disease (p=0.03) with an estimated 10-fold 

higher relative risk in individuals having the HLA-A29 antigen (59). Other 

examples of monogenic and polygenic disorders and susceptibility to fungal 

infections will be discussed thoroughly in the following two sections.  

2.3.1 Monogenic disorders and fungal infections 

Several single-gene defects have been linked to the pathogenesis of some infectious 

diseases. These rare, large-effect variants found in essential immune-related genes 

have paved the way to understanding the pathways directly related to host defences 

against pathogens and subsequently affecting susceptibility to infectious diseases 

(152). 

Human CARD9 deficiency is caused by mutations in the gene encoding the caspase 

recruitment domain-containing protein 9 (CARD9). This protein is an intracellular 

adaptor protein downstream from C-type lectin receptors (CLRs), which are pathogen 

recognition receptors (PRRs) that have a major role in fungal recognition (187). In 

humans, CLRs (e.g., dectin-1, dectin-2, and MINCLE) recognise fungal pathogen-

associated molecular patterns (PAMPs) and, along with their adaptor molecule 

CARD9, have a critical role in antifungal host defence. Several studies highlighted a 

greater fungus-specific infection susceptibility due to mutations in the genes encoding 

CLRs or CARD9 (187,188). In one study carried out on a consanguineous family with 

chronic mucocutaneous candidiasis (CMC), dermatophytosis, and Candida 

meningitis, Glocker and colleagues found an autosomal recessive mutation in CARD9 

to be the underlying cause with significant defects in the Th17 response due to 

decreased proportions of circulating IL-17+ T lymphocytes (189). Other compound 

heterozygous mutations in CARD9 were found to confer susceptibility to CMC and 

Candida meningitis and trigger impaired neutrophil killing and diminished production 

of IL-1β and IL-6, which are essential for priming Th17 cell differentiation (190). 

Interestingly, two compound heterozygous and one homozygous frameshift mutations 
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in CARD9 were also detected in patients with phaeohyphomycosis, which is another 

subcutaneous fungal infection similar to mycetoma and caused by P. verrucose (60). 

The three identified mutations did not affect gene expression but resulted in a lack of 

wild-type mature CARD9 protein, consequently decreasing the proportions and 

cytokine production of Th17 cells and weakening patients’ immune responses (60). 

Fortunately, Queiroz-Telles and associates recently used hematopoietic stem cell 

transplantation (HSCT) to treat two unrelated patients with deep/invasive 

dermatophytosis caused by CARD9 deficiency from Brazil and Morocco (191).  

Another monogenic disorder is CMC, an immunodeficiency of cell-mediated immunity 

that develops from a defect in IL-17 and IL-22 immunity required for defence against 

fungal infections (192). CMC is transmitted in autosomal dominant or recessive 

inheritance patterns and affects patients' skin, nails, and mucous membranes (175). 

The autosomal dominant form of CMC is primarily caused by gain-of-function 

missense mutations in the CC-domain of the STAT1 gene that encodes a critical 

transcription factor downstream from IFN-α/β and IFN-γ signalling pathways. 

Consequently, this leads to defective Th1 and Th17 lymphocyte responses and 

reduced production of IL-17, IL-22 and IFN-γ, explaining the increased susceptibility 

to fungal infection (193).  Mutations in IL17RA and IL17F have also been associated 

with autosomal dominant CMC that causes impaired IL-17 immunity (193). Autosomal 

recessive CMC results from mutations in the autoimmune regulator (AIRE) gene, 

which leads to a rare condition known as autoimmune polyendocrinopathy candidiasis 

ectodermal dystrophy (APECED) (174). AIRE encodes a transcriptional regulator 

expressed by medullary thymic epithelial cells that regulate the expression of 

peripheral tissue-specific self-antigens and promote central tolerance by deleting self-

reactive T cells (194). Loss-of-function mutations in AIRE produce neutralising 

autoantibodies against specific cytokines with antifungal properties, such as IL-17E, 

IL-17F and IL-22 (195).  

A similar scenario needs to be investigated in mycetoma pathogenesis, where both 

rare and common variants in the same molecular pathway may be interplaying. The 

nature and extent of such interactions between these variants are still unknown, but 

common variants may modify the penetrance of rare variants. 
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2.3.2 Polygenic disorders and fungal infections 

Although very informative, single-gene mutations leading to fungal infections are 

relatively rare in the general population, where a complex trait genetic mode of 

inheritance is more likely.  Recent advances in genome interrogation technologies 

have enabled researchers to detect genetic variations predisposing susceptibility to 

fungal infections and the interplay between innate and adaptive immune cells and 

other effector cells constituting the host immune response to fungal invasion 

(175,196). For example, genetic susceptibility to candidiasis was investigated using 

GWAS, which revealed a 19.4-fold increased risk in individuals with two or more SNPs 

in the CD58, LCE4A-C1orf68 and TAGAP loci (197). 

Genetic susceptibility to aspergillosis is also polygenic (198). Aspergillus spp. 

are seldom pathogenic in immunocompetent hosts due to innate immune responses 

mediated mainly through alveolar macrophages and neutrophils (199). Most cases of 

aspergillosis occur in the context of downregulation of the immune system by 

immunosuppressive therapies. Susceptibility to different forms of aspergillosis, 

including invasive allergic (IA) and chronic non-invasive syndromes, is associated with 

polymorphic variants in Toll-like receptors (TLR)1, TLR6, TLR4, TLR9 and TLR3 (200–

202). One study identified variants in the chemokine (C-X-C motif) ligand 10 

(CXCL10), an inflammatory mediator that stimulates the directional migration of Th1 

in addition to increasing T cell adhesion to the endothelium (203), to be associated 

with invasive A. fumigatus infection (204). In that study, the presence of a haplotype 

in CXCL10 (rs1554013 (+11101 C/T), rs3921 (+1642 C/G) and rs4257674 (-1101 

A/G)) was associated with the inability of immature dendritic cells (iDCs) to express 

CXCL10 in patients with IA after allogeneic HSCT, which led to an increased risk of 

developing IA. Susceptibility to IA has also been linked to deficiencies in PRRs with 

opsonic activity, such as mannose-binding lectin (MBL) and long pentraxin 3 (PTX3, 

which mediates fungal uptake and killing by phagocytes) (187,205,206). Another 

molecule with an opsonic activity associated with susceptibility to IA in allogeneic 

HSCT patients is plasminogen (PLG) (207). Using a novel candidate gene 

polymorphism identification method, Zaas and colleagues used computational genetic 

mapping analysis of suppressed murine model survival data to identify a variant in 

human PLG that increased the risk for IA in HSCT recipients.  
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The elucidation of the genetic underpinnings of susceptibility to fungal infections, 

encompassing both monogenic and polygenic disorders, is crucial in understanding 

genetic predisposition to a neglected fungal infection such as eumycetoma. 

2.3.3 Genetic susceptibility to mycetoma 

The present section aims to provide a comprehensive overview of the existing 

literature on genetic susceptibility to mycetoma. To this end, previous studies have 

focused on a specific set of functional polymorphisms in candidate genes, which were 

selected based on their potential involvement in immunity against the disease (Figure 

2.1) (208).   

2.3.3.1 Polymorphisms in innate immunity genes 

The first indication of host genetic susceptibility to mycetoma was demonstrated in 

2007 by van de Sande and her colleagues in research involving 125 Sudanese 

mycetoma patients and 140 matched controls (64). Their work focused on genetic 

variations in the genes involved in innate immunity owing to the significance of this 

system, led by neutrophils, in early defence against mycetoma (27,28). The studies 

were undertaken on eleven SNPs in eight genes: complement receptor 1 (CR1), 

interleukin 8 (CXCL8), C-X-C motif chemokine receptor 2 (CXCR2), nitric oxide 

synthase 2 (NOS2), MBL, TNFα, macrophage chemoattractant protein-1 (MCP-1), 

and thrombospondin4 (THBS4 also known as TSP4). Those genes were selected 

based on their role in neutrophil function. Significant differences in allele distribution 

were detected in six SNPs in CR1, CXCL8, its receptor CXCR2, THBS4 and NOS2. 

CR1 is expressed, not exclusively, on neutrophils’ surfaces to mediate phagocytosis 

via regulation of the complement cascade (209).  In the study, the Sl2 allele of 

rs17047661 and the McCa allele of rs17047660 had higher distribution in mycetoma 

patients when compared to matched endemic controls, and the investigators 

suggested that those two alleles caused conformational changes in CR1 that 

eventually led to defects in phagocytosis of the mycetoma-causative agents. 

Moreover, the -251A allele of CXCL8, 29929C allele of THBS4 and +785C allele of 

CXCR2 had significantly higher allelic distributions in mycetoma patients. All these 

alleles are previously known to be associated with increased production of CXCL8, a 

neutrophil chemoattractant (210–213). On the other hand, the allele frequency of the 

G954C allele of NOS2 was found to be significantly higher among the healthy endemic 
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controls and this allele is known to result in a 7-fold higher nitric oxide (NO) activity, 

which is essential in mediating tumouricidal and bactericidal actions (214). Hence, 

induced CXCL8 and reduced NO production were risk factors for developing 

mycetoma. One drawback of this study is the multiple tests done on a small cohort 

with no correction for multiple testing, which may have produced false positives or 

overlooked true positive signals in the remaining SNPs in the other THREE genes. 

Another drawback is the selection of a limited number of variants that were probably 

first described in European populations and might not be relevant in the Sudanese 

sample (e.g., minor allele frequency might be very low). A key aspect of the genetics 

of African populations, including Sudanese, is the high level of genetic diversity within 

individual populations (215). This diversity is believed to reflect the long history of 

human evolution in Africa after the human migrations out of Africa to colonise other 

parts of the world around 60,000 years ago (99,113,215–218).  

2.3.3.2 Polymorphisms in adaptive immunity genes 

The association between several HLA alleles (both class I and class II) and 

susceptibility or resistance to infectious diseases has been previously confirmed (219–

221). In 2013, the frequencies of HLA-DRB1 and HLA-DQB1 alleles among confirmed 

eumycetoma patients admitted to the MRC and matched controls were analysed by Al 

Dawi and co-workers (55). For HLA-DRB1, the HLA-DRB1*13 allele was significantly 

associated with eumycetoma infection (p=0.044, OR=2.629). Conversely, the HLA-

DRB1*02 allele had a high frequency in the control group (9.8%, p=0.047), while it 

was absent in the eumycetoma patients, suggesting a protective role against 

eumycetoma. Of the HLA-DQB1 alleles, the HLA-DQB1*5 allele showed a significantly 

higher frequency in mycetoma patients when compared to healthy controls (p=0.029, 

OR=3.471), indicating a possible association between this allele and the development 

of clinical mycetoma. This hospital-based study enrolled only 53 eumycetoma patients 

and 31 healthy matched controls. Hence, further studies are needed on larger sample 

sizes and among communities living in mycetoma endemic areas.  

In the same year, another study by Mhmoud and associates identified an association 

between polymorphisms in cytokine genes C-C chemokine ligand 5 (CCL5) and IL-10 

(both involved in acquired immune responses) and mycetoma (222). CCL5 has an 

essential role in attracting T-cells, dendritic cells, eosinophils and natural killer (NK) 
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cells (223) to sites of inflammation, while IL-10 is a potent Th2 response-inducing 

cytokine (224). The study explored the role of three functional SNPs in CCL5 and two 

SNPs in IL-10 in mycetoma granuloma formation. A significant difference in allele 

frequencies for two SNPs in CCL5 (rs2280788 and rs280789) and one SNP in IL-10 

(rs1800872) were found between 149 mycetoma patients and 206 matched controls. 

This difference in allele frequencies was linked to elevated serum levels of both CCL5 

and IL-10 in mycetoma patients. It should be noted that the two alleles in CCL5 which 

were significantly associated with mycetoma have opposite functional effects: the G-

allele at SNP rs2280788 induces higher CCL5 transcription, whereas the C-allele in 

rs280789 is associated with reduced transcription of CCL5. Accordingly, the exact role 

of CCL5 in mycetoma granuloma formation remains to be elucidated.  

2.3.3.3 Polymorphisms in host enzyme genes 

Two studies linked certain host enzymes to susceptibility to mycetoma. The first, 

reported in 2014, investigated the role of matrix metalloproteinases-2 (MMP-2), matrix 

metalloproteinases-9 (MMP-9) and tissue inhibitor of metalloproteinases (TIMP-1) in 

the formation of the mycetoma granuloma around the fungal grains of M. mycetomatis 

in eumycetoma patients (65). These enzymes are hypothesised to be involved in the 

deposition of collagen around the grains to encapsulate them within the granulomas, 

resulting in excessive collagen formation that may contribute to treatment failure in 

mycetoma patients. The study addressed three aspects: (i) measuring absolute serum 

levels of MMP-2 and MMP-9 in the sera of 36 M. mycetomatis infected patients and 

36 healthy controls using ELISA, (ii) detection of MMP-2 and MMP-9 around fungal 

grains using immunohistochemical staining of eight tissue sections taken from 

eumycetoma patients, and (iii) genotyping three functional SNPs in the promoter 

regions of MMP-2 (rs243865), MMP-9 (rs3918242) and TIMP-1 (rs4898) using 

genomic DNA from 125 Sudanese eumycetoma patients and 103 healthy endemic 

controls. Active MMP-9 was found in the sera of 36% of eumycetoma patients. 

However, that cannot be attributed solely to mycetoma infection since no data about 

co-infection was recorded during the sample collection process. No genetic 

differences were identified between patients and healthy controls for MMP-2 and 

MMP-9. Yet, there was a higher frequency of the T allele of the rs4898 SNP in TIMP-

1 in 77 eumycetoma male patients compared to 44 healthy male controls.  This allele 

is associated with a lower TIMP-1 protein expression in inflammatory bowel disease, 
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and the investigators suggested that it could explain the previously reported male 

predominance in mycetoma (225).  

The second study, in 2015, investigated the presence of a structural polymer found in 

fungal cell walls, known as chitin, in the cell wall of M. mycetomatis (226). This 

polysaccharide triggers macrophages to release chitin-degrading enzymes such as 

chitotriosidase (CHIT1) and acidic mammalian chitinase (AMCase, also known as 

CHIA). Four functional polymorphisms in CHIT1 and CHIA were investigated in 112 

eumycetoma patients and 103 matched controls from the same cohort used for the 

previous metalloproteinases study. Both human chitinases were expressed in 

mycetoma lesions. Furthermore, a 24-bp insertion in CHIT1 was found to be 

significantly associated with eumycetoma, and this polymorphism is known to impair 

enzyme activity (227,228). Since both chitotriosidase and AMCase were detected in 

mycetoma lesions, further studies on polymorphisms affecting the activity of these 

enzymes are still needed with larger sample sizes. 

2.3.3.4 Polymorphisms in sex hormone biosynthesis genes 

A male predominance of mycetoma has been indicated in several studies, signifying 

a possible role of hormonal influence in mycetoma susceptibility (6,15,65,77). Based 

on this, a study was done in 2015 on 125 eumycetoma patients and 103 matched 

controls (the same metalloproteinases cohort) to investigate changes in hormonal 

levels that could result from polymorphisms within genes encoding enzymes involved 

in sex hormone biosynthesis (229). Five polymorphisms were selected including 

rs4680 in catechol-O-methyltransferase (COMT), rs743572 in cytochrome p450 

subfamily 17 (CYP17), rs1056836 in cytochrome p450 subfamily 1B1 (CYP1B1), 

rs700518 in cytochrome p450 subfamily 19 (CYP19) and rs6203 in hydroxysteroid 

dehydrogenase 3B (HSD3B). Only alleles of rs4680 SNP in COMT and rs700518 in 

CYP19 had significant differences in distribution among mycetoma patients compared 

to healthy endemic controls.  
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Figure 2.1 Candidate genes’ roles in immunity against mycetoma. The innate immune 

response towards mycetoma is triggered by traumatic inoculation of the fungus into the 

subcutaneous tissue. The fungal cell wall molecules activate the complement system, 

producing the opsonin C3b that binds to the fungal surface. C3b is then recognised by the 

complement receptor CR1, expressed by macrophages (Mφs) and neutrophils (PMNs). 

Macrophages produce several cytokines, including CXCL8 (IL-8), attracting more neutrophils 

from the bloodstream into the infection site. This attraction occurs via the binding of CXCL8 to 

its receptor CXCR2 expressed on neutrophils’ surface. CXCL8 also induces neutrophils to 

generate nitric oxide (NO) species via the enzyme nitric oxide synthase 2 (NOS2). Other 

reactive oxygen species (ROS) are also generated through thrombospondin4 (THBS4), 

secreted by endothelial cells. On the one hand, the adaptive immunity against mycetoma, 

antigen presentation through HLA class II (MHC II), which is expressed by antigen-presenting 

cells (APCs), leads to the transformation of naïve CD4 cells into T-helper type 2 lymphocytes 

under the influence of IL-10. On the other hand, CCL5 released by macrophages and CD4 T 

cells have an essential role in the formation of mycetoma granuloma in addition to the 

recruitment of other immune cells such as eosinophils (EOS), T-lymphocytes (T-cells), 

dendritic cells (DCs) and natural killer (NK) cells. The contribution of host enzymes in immunity 

against mycetoma involves MMP-9 and chitotriosidase. MMP-9, expressed by the immune 

cells surrounding the grain, is responsible for collagen deposition around the grain during 

mycetoma granuloma formation. Activated macrophages release Chitotriosidase to degrade 

chitin, a polysaccharide expressed on the cell wall of M. mycetomatis. Figure created using 

BioRender.com. 
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The studies mentioned above are generally small, take a candidate gene approach, 

and have yet to be replicated. Moreover, no systematic genome-wide studies on 

susceptibility to mycetoma have been reported to date. 

In brief, 13 genes had allelic variants found to be associated with susceptibility to 

mycetoma and lie in different pathways and systems (Table 2.1).  

Table 2.1 A summary of genes with allelic variants significantly associated with mycetoma. 

Gene SNP Rs-number P value Reference 

CCL5 –28C/G rs2280788 <.0001 (32) 

1648044C>T* rs280789 <.0001 (32) 

CHIT1 24bp insertion rs3831317 0.004 (226) 

COMT 19951271G>A* rs4680 0.006 (229) 

CR1 207782889A>G* rs17047661 0.039 (64) 

207782856A>G* rs17047660 0.001 (64) 

CXCL8 −251T/A rs4073 0 .008 (64) 

CXCR2 219000310C>T* rs2230054 0 .037 (64) 

CYP19 51529112T>C* rs700518 0 .004 (229) 

HLA-DRB1 HLA-DRB1*13 - 0.044 (55) 

HLADRB1*02 - 0.047 (55) 

HLA-DQB1 HLA-DQB1*5 - 0.029 (55) 

IL-10 -592A/C rs1800872 0.0005 (32) 

NOS2 −954 G>C* rs1800482 0 .0006 (64) 

TIMP-1 372T/C rs4898 0.0004 (males) 

0.53 (females) 

(65) 

THBS4 79361265G>C* rs1866389 0.030 (64) 

* Nomenclature according to GRCh37 human reference genome. 
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To study the interaction between susceptibility genes, a network analysis was 

conducted using the GeneMANIA plugin (230) within version 3.8.2 of Cytoscape 

software (231). Several parameters were included: co-expression, shared protein 

domains, physical interactions, common pathways, and co-localisation (Figure 2.2). 

This network revealed the interaction between mycetoma susceptibility genes and 

other candidate genes to be considered potential contributors to susceptibility to 

mycetoma. The results showed that biological interactions were primarily co-

expression, accounting for approximately 49% of the interactions studied. Physical 

interactions accounted for 39.5% of the total interactions, while shared protein 

domains, co-localisation, and pathway interactions accounted for 4.56%, 3.66%, and 

3.53%, respectively. Understanding the underlying network connectivity would 

enhance our ability to identify crucial genes that can potentially become valuable 

targets for future therapeutics. 

 

Figure 2.2 A network demonstrating the 13 genes associated with susceptibility to mycetoma 

(red nodes) and their interaction with each other and with other candidate genes (grey nodes). 

The underlying molecular links were attributed to the co-expression associations, co-

localization, pathway links, physical interactions, and shared protein domains. 
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2.4 Concluding remarks and future perspectives 

The studies on genetic susceptibility to mycetoma described above suggest a role for 

the host’s underlying genetic profile.  However, the studies are generally small, take a 

candidate gene approach, and none have been replicated. Recent progress in 

genomic science and corresponding technological advancements have opened 

avenues for conducting comprehensive investigations into the genome to identify 

variations linked to mycetoma through GWAS or NGS technologies. Furthermore, 

several genomes for the most common causative organisms, including Nocardia 

brasiliensis (232), Streptomyces somaliensis (233), Actinomadura madurae (234),  

Nigrograna mackinnonii (235) and Madurella mycetomatis (236) are now publicly 

available. Parallel analysis of pathogen and host genomes could give valuable insights 

into host-pathogen interactions in mycetoma (237). This would eventually aid in 

devising better strategies for risk assessment, treatment, and prognosis for mycetoma 

patients.  

It is essential to include large cohorts to avoid the multiple challenges of genetic 

association studies, including population stratification, genetic heterogeneity and 

insufficient replication power (238,239). Additionally, genotype-phenotype correlation 

analyses are mandatory to correlate the relative contribution of genetic findings to 

specific clinical outcomes. 

Dissecting the contribution that host genetic variation has on susceptibility to 

mycetoma will enable the identification of pathways that are potential targets for new 

treatments for mycetoma and will also enhance our ability to stratify “at-risk” 

individuals, allowing the potential to develop preventive and personalised clinical care 

strategies in the future. 
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CHAPTER 3 - Methods employed for genetic analysis of 

mycetoma susceptibility 

3.1 Choice of method 

Despite the existing literature supporting a role for host genetic variation in determining 

predisposition to mycetoma, there has not been a systematic approach to interrogate 

the presence of causal variants. Therefore, this PhD project was undertaken to 

address this gap and included three main approaches: 

i. Determining the extent of familial aggregation for mycetoma by estimating 

heritability and sibling recurrence risk. This was done by analysing extended 

pedigrees, with more than three generations, collected from mycetoma patients 

either in their endemic villages or during their visits to the MRC clinic. 

ii. Conducting family-based whole genome sequencing (WGS) to identify rare 

genetic variants in mycetoma cases’ genomes that were not present in their 

healthy relatives.  

iii. Undertaking a population-based case-control study to detect common genetic 

differences between mycetoma cases and unaffected controls, using genome-

wide association studies (GWAS).  

3.2 Research sites and access 

Sudan is divided into 18 states (wilayat), each with its own administrative structure 

(85). These states are further divided into districts (mudiriyat), and districts are divided 

into localities (baladiyat), which are the lowest administrative units in Sudan (85). The 

study participants were recruited at three sites, as outlined in Figure 3.1: 

i. The MRC clinic in the capital city, Khartoum, which has more than 10,000 

registered patients. 

ii. The Wad Onsa mycetoma clinic in Eastern Sennar Locality (baladiyat), Sennar 

State (wilayat), located about 250 km southeast of Khartoum. This clinic was set 

up in a rural area where mycetoma is endemic. 

iii. Wad El Nimar village in Eastern Sennar Locality, Sennar State, adjacent to Wad 

Onsa village. Both villages are part of the Wad Onsa administrative unit. 
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Figure 3.1 Research sites. Original map adapted and modified from 

https://www.mappr.co/counties/states-of-sudan/(85). Figure created using BioRender.com. 

Eastern Sennar locality comprises five administrative units: Wad Onsa, Dooba, Wad 

Al-Abbas, Wad Taktook and Alreef Alsharqi. It includes 292 villages with a population 

of 353,196 residents (240). The reason for targeting this locality was high mycetoma 

endemicity in the area, as reported by the surveillance database at the MRC (240). 

3.3 Ethical considerations 

Ethics permissions were obtained from the BSMS Research Governance and Ethics 

Committee (RGEC ER/BSMS435/2) in the United Kingdom and the Soba University 

Hospital Ethics Committee in Sudan.  

Written or thumbprint-signified informed consent was obtained from all study 

participants or their guardians (in case of patients below 18 years old). Data 

anonymisation was carried out after sample collection, and participants' study records 

and medical information were kept confidential, identified by a study code number 

known only to the study staff under the terms and conditions of the study design. 

Although genotype and genome sequence data were generated in this study, the data 

analyses focused solely on genetic variants related to genetic susceptibility to 

mycetoma and data was anonymised before analyses. This research did not uncover 

unexpected and possibly clinically relevant findings in this context.  
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3.4 Study participants recruitment and data collection 

3.4.1 Familial aggregation analyses 

Eligibility to participate was according to the following criteria: 

3.4.1.1 Inclusion criteria 

a. Families with more than one case of eumycetoma. 

b. All ages and both genders were eligible to participate. 

3.4.1.2 Exclusion criteria 

a. Singletons, i.e., pedigrees that contained only one affected individual. 

b. Families with actinomycetoma cases. 

c. Consent was refused. 

A total of 46 families were recruited for this part of the study. The ideal sample size for 

studying familial aggregation in complex diseases like mycetoma is challenging to 

specify precisely, as it depends on factors such as disease prevalence, mode of 

inheritance, the actual number of affected cases in the family and the total number of 

family members we could collect information about. Enrolling 46 pedigrees was 

pragmatic and would serve as a reasonable starting point, especially since all 

pedigrees spanned three generations and mostly consisted of a large number of 

individuals, providing a foundation for further investigations. 

I collected the pedigrees from probands (the first person who sought medical attention 

for the disease) who attended the MRC, Wad Onsa clinic, or from visiting the patients’ 

houses in Wad El Nimar endemic village. During my visits to the village, I was 

accompanied by Mr Siddig Ibrahim Abu Sin, a community activist who identified all the 

families affected by mycetoma.  

In most cases during pedigree collection, the proband arrived with other family 

members, which increased the reliability of the family structure information. It was 

possible that the probands may not have known if their grandparents' generation had 

mycetoma since public awareness about this disease is recent. As a precaution, I 

labelled individuals whose disease status was unknown as "NA". 

The demographic and pedigree data of families with at least one case of mycetoma 

was collected after getting consent from the proband. The data was collected using a 
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pedigree collection datasheet adapted from Williams-Blangero S, 2006 (241) 

(Appendix 2). Data collected on the family history of mycetoma in the proband’s family 

ranged from simple questions about whether the proband’s parents had mycetoma to 

more comprehensive questions about affection status in siblings, cousins, and other 

members of the proband’s extended family.  

3.4.2 Whole genome sequencing study 

From the pedigrees collected using the abovementioned approach, I identified four 

families from Wad El Nimar village with at least four cases of mycetoma in each family. 

Those families were selected to be enrolled in the family-based WGS. Demographic 

and pedigree data collection was done using Phenotips, an open-source clinical 

phenotype and genotype data collection tool (242), by which the pedigrees in Figure 

3.2 were created.  

This work was exploratory, without knowledge of the mode of inheritance. There are 

high levels of consanguinity (mainly between first cousins) in these communities where 

mycetoma is a complex trait. I hypothesised that specific variants had become 

concentrated in those affected families. Studying isolated communities and 

consanguineous families with a higher prevalence of infectious diseases has provided 

valuable information about the genetic factors influencing susceptibility, resistance, or 

treatment response (section 1.3.2).Thus sample size calculations are irrelevant for 

studying single gene disorders in consanguineous families. 

3.4.3 Genome-wide association studies 

Eligibility to participate was according to the following criteria: 

3.4.3.1 Inclusion criteria 

Individuals diagnosed with eumycetoma who gave consent were eligible to be enrolled 

as cases. Control subjects, matched by gender, were eligible for inclusion with no 

evidence of history or clinical examination of mycetoma, and they were residents in 

mycetoma endemic areas for a minimum of 20 years. Control subjects were over the 

age of 40 years. We deliberately did not match on age because mycetoma prevalence 

peaks in the 20-40 year age, and younger controls may be susceptible but have yet to 

develop the disease, thus confounding the study. This approach has been previously 
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adopted for conditions with a slow progression that requires prolonged environmental 

exposure (146). 

3.4.3.2 Exclusion criteria 

a. Patients registered at the MRC as having actinomycetoma (most cases in 

Sudan are eumycetoma, and there may be differences in the host response to 

the two different disease forms). 

b. Controls under 40 years. 

c. Consent was refused. 

Demographic data were collected using a collection datasheet administered to the 

study participants with questions including socio-demographic variables (e.g., 

ethnicity, age, sex, and occupation) and clinical data for cases (family history of 

disease, age of onset and site of eumycetoma infection). The English version of the 

collection datasheet can be found in Appendix 3.     

Using the online version of the Genetic Association Study power calculator (243), I 

estimated a sample size of 600 mycetoma patients and 500 healthy controls to give 

80% power to detect any significant association (P≤5e-08) between a given single 

nucleotide polymorphism and mycetoma, assuming a disease prevalence of 5%, a 

minor allele frequency of 0.2 and a genotype relative risk (RR) of 1.8. In practice, 

collecting as many cases and controls as possible was essential because it was 

recognized that assumptions based on a genotype RR of 1.8 may lean towards 

optimism. To detect effects with lower RRs robustly, it was imperative to have a larger 

pool of cases and controls. Therefore, an initial genotyping of 960 samples was 

strategically conceived, comprising of 560 cases and 400 controls. This approach was 

developed in agreement with the Centre for Proteomic and Genomic Research 

(CPGR) in Cape Town, South Africa, where the genotyping was outsourced. The 

samples were planned to be shipped in two batches, in 96-well PCR plates.
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Figure 3.2 Pedigrees of the four families recruited for WGS study from Eastern Sennar locality, 

Sudan. Round symbols indicate female; square, male; diamond, unspecified gender; slash 

through circle or square: dead female or male; blue-filled symbols, mycetoma; unfilled 

symbols, unaffected; question mark within symbol, unknown affection status; number 

immediately under the symbol, identity number of an individual within pedigree; double lines, 

consanguinity; arrow, proband. (A) Family 1 pedigree; (B) Family 2 pedigree; (C) Family 3 

pedigree and (D) Family 4 pedigree.
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3.5 Laboratory methods 

3.5.1 Whole genome sequencing study 

3.5.1.1 Sample collection and DNA extraction 

A 2-ml saliva sample was obtained from 22 participants representing the four 

consanguineous families using OrageneTM (OG-600) DNA kits (DNA Genotek Inc., 

Ottawa, ON, Canada). These kits were chosen based on their convenience in our 

setting where healthy individuals are hesitant to provide blood samples. Additionally, 

there could be a delay of up to three hours before the samples are stored at the Wad 

Onsa Mycetoma Clinic laboratory in Sennar state and transported to the MRC in 

Khartoum state. Oragene DNA kits allow shipping and storage of samples for years at 

ambient temperature without DNA degradation and yield a median of 110µg DNA of 

high molecular weight (> 23kb) per 2ml saliva collected (244). Saliva samples were 

collected according to the manufacturer’s instructions (Appendix 4). 

DNA extraction was done at the MRC laboratory following the prepIT®.L2P manual 

protocol provided by the manufacturer (Appendix 5). DNA quantity and quality were 

checked using an Implen Nanophotometer (Implen GmbH, Munich, Germany) and the 

standard agarose gel electrophoresis (Appendix 6). 

3.5.1.2 Whole genome sequencing 

50 µl of DNA solution from 22 samples were sent for WGS at BGI Genomics in Hong 

Kong. Following library preparation, massively parallel sequencing was done on a 

DNBseq™ sequencing platform (BGI Genomics, Hong Kong). 

3.5.1.3 Sanger sequencing 

Sanger sequencing is the gold-standard method to confirm the presence of WGS 

candidate variants, ruling out the possibility of these variants being sequence 

artefacts. Polymerase chain reaction (PCR) was done to amplify the desired regions 

in our candidate genes following the protocol in Appendix 7. Primers for the PCR were 

designed on the Primer3Plus (245). I confirmed the absence of any SNPs in the primer 

binding regions that could hinder annealing using the SNPCheck V3 online tool (246). 

Primer melting temperatures were calculated theoretically using the UCSC In-Silico 

PCR which is part of the UCSC Genome Browser (247). Moreover, primer specificity 

was checked using the Primer-BLAST online tool (248).  

Figure 2.2 Pedigrees of the four families recruited for WGS from Eastern Sennar locality, Sudan. Round symbols indicate female; square, male; diamond, 
unspecified gender; slash through circle or square: dead female or male; blue-filled symbols, mycetoma; unfilled symbols, unaffected; the number 
immediately under the symbol: identity number of an individual within pedigree; double lines: consanguinity; arrow, proband. F1: Family 1, F2: Family 2, 

F3: Family 3 and F4: Family 4 
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A total of 20 µl of PCR products and 30 µl of the primers were sent to Macrogen Europe 

(Netherlands) for Sanger sequencing.  

3.5.2 Genome-wide association studies 

3.5.2.1 Sample collection and DNA extraction 

A 2-ml saliva sample was collected from all participants using OrageneTM (OG-600) 

DNA kits (DNA Genotek Inc., Ottawa, ON, Canada). I used the same protocol 

described in section 3.5.1.1. Extracted DNA samples that showed good quality with 

A260/A280 ratios between 1.8 and 2.0 were normalised (50 ng/µl) and shipped in 96-

well PCR plates with a sample volume of 20 µl. 

3.5.2.2 Genotyping 

Genotyping of the first batch of samples was outsourced to CPGR, Cape Town, South 

Africa. Genotyping was performed using the Illumina Infinium H3Africa Consortium 

Array v2 containing 2,271,503 SNPs specifically selected based on its representation 

of genetic variation in African populations (249). The genotypes obtained from 

genotyping arrays were mapped to specific genomic positions in the human reference 

genome using GRCh37 (build 37) coordinates (250). Sample and SNP process report 

files were received for initial quality information. The resulting raw data was in the 

format of Intensity Data files (IDAT).  

3.6 Data analysis 

3.6.1 Familial aggregation analyses 

3.6.1.1 Pedigree statistics 

Basic descriptive statistics of the pedigrees were generated using the PEDINFO 

program in Statistical Analysis of Genetic Epidemiology (SAGE) software version 6.4.2  

(251). 

3.6.1.2 Sibling recurrence risk  

Sibling recurrence risk (Ks) was calculated by Professor Heather Cordell using an 

adaptation of Olson and Cordell's formula described previously (144). Under the 

special case  that there is precisely one proband per family, the estimate was 

calculated using the following equation:  
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 , 

In this formula, 𝑛𝑠(𝑎)is the number of sibships of size 𝑠 and 𝑎 the number of affected 

cases. The weights 𝑤𝑎  (and thus the estimated sibling risk) depend on what one 

assumes about the ascertainment scheme. Ascertainment adjustment was essential 

because families were recruited via a proband and the varying size of sibships. I 

considered single and complete ascertainment as two ends of a spectrum, thus 

providing a lower and upper bound for the risk to a sibling of an affected individual. 

The sibling recurrence risk ratio (𝜆𝑠) for mycetoma was calculated according to the 

formula 𝜆𝑠 =
𝐾𝑠

𝐾
, where 𝐾 was the population prevalence of mycetoma that was 

estimated at 0.87% according to a previous study done in the same endemic area 

where most of our pedigrees were collected from (57). 

3.6.1.3 Heritability estimation 

Heritability (h2) was quantified using three software programs selected based on their 

ability to a) estimate pedigree-based heritability and b) handle discrete traits –such as 

mycetoma– in pedigree datasets. The first was the Sequential Oligogenic Linkage 

Analysis Routines (SOLAR) software package (252). The estimation was done under 

a polygenic model using the discrete trait algorithms implemented in SOLAR Eclipse 

version 8.5.1. Age and sex were included as covariates in the model. Mendel software 

package (253) was also used to verify the results, employing analysis option 19, the 

Variance Components (POLYGENIC-QTL option). The third was the ASSOC program 

implemented in SAGE version 6.4.2. The ASSOC program utilises a linear mixed 

model (LMM) and estimates its parameters through the maximum likelihood (ML) 

method (254). 

3.6.2 Whole genome sequencing study 

The initial bioinformatics analysis, including quality control, mapping against GRCh37, 

and variant calling, was provided by BGI Genomics due to limitations in our server at 

MRC. The data sent from BGI included Binary Alignment Map (BAM), Variant Call 

Format (VCF) and Comma Separated Values (CSV) files. The subsequent analysis 

included the following steps: 
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3.6.2.1 Subsetting samples according to shared variants 

The CSV files were used for subsequent analysis by R version 4.0.2 (255) to select 

variants shared among the cases but not found in their related controls. R scripts used 

in this analysis were all executed from RStudio version 2022.07.2. The following R 

scripts are examples run for each family: 

1. For single nucleotide polymorphisms (SNPs) files: 

a. Set the working directory in RStudio 

setwd (“F:/WGS_data/All_samples/F2/SNPs”) 

b. Load the samples csv files into RStudio 

G1 <- read.csv(“M175.snp.annot.csv”, header = TRUE, stringsAsFactors = 

FALSE)  

G2 <- read.csv(“M040.snp.annot.csv”, header = TRUE, stringsAsFactors = 

FALSE) 

G5 <- read.csv(“M236.snp.annot.csv”, header = TRUE, stringsAsFactors = 

FALSE) 

G6 <- read.csv(“M041.snp.annot.csv”, header = TRUE, stringsAsFactors = 

FALSE) 

c. Merge the controls’ csv files 

combined.controls <- rbind(G5,G6)  

d. Load plyr R package 

library(plyr)  

e. Match the cases files based on shared variants 

F <- match_df(G1,G2, on =“Start”) 

f. Subset the matched dataset from combined controls 

finaldf<- subset (F, !(Start %in% combined.controls$Start))  

g. Export the subsetted file containing variant found in cases only 

write.csv(finaldf, file = “finaldf_F2a_snp.csv”) 

h. Subset the resulting variants based on impact 

unique(finaldf$Impact) 

HIGH <- subset(finaldf, Impact == “HIGH”)  

MODERATE <- subset(finaldf, Impact == “MODERATE”) 

HiModr <- rbind(HIGH,MODERATE)  

write.csv(HiModr, file = “HiMod.snp.csv”) 

LOW <- subset(finaldf, Impact == “LOW”)  

MODIFIER <- subset(finaldf, Impact == “MODIFIER”)  
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LoMODF <- rbind(LOW,MODIFIER) 

i. Export the resulting file 

write.csv(LoMODF, file = “LowMod.snp.csv”) 

2. For insertion/deletions (InDels) files: 

a. Set the working directory in RStudio 

setwd (“F:/WGS_data/All_samples/F1/InDels”) 

b. Load the samples csv files into RStudio 

G1 <- read.csv(“M001.indel.annot.csv”, header = TRUE, stringsAsFactors = 

FALSE)  

G2 <- read.csv(“M002.indel.annot.csv”, header = TRUE, stringsAsFactors = 

FALSE)  

G3 <- read.csv(“M011.indel.annot.csv”, header = TRUE, stringsAsFactors = 

FALSE)  

G4 <- read.csv(“M083.indel.annot.csv”, header = TRUE, stringsAsFactors = 

FALSE) 

G5 <- read.csv(“M213.indel.annot.csv”, header = TRUE, stringsAsFactors = 

FALSE)  

G6 <- read.csv(“M228.indel.annot.csv”, header = TRUE, stringsAsFactors = 

FALSE) 

c. Merge the controls’ csv files 

combined.controls <- rbind(G5,G6) 

d. Subset controls based on homozygosity 

unique(combined.controls$Otherinfo) 

hom_com_con <- subset(combined.controls, Otherinfo == “hom”) 

e. Load plyr R package 

library(plyr) 

f. Match the cases files based on shared variants 

I <- match_df(G1,G2, on =“Start”)  

H <- match_df(I,G3, on =“Start”)  

G <- match_df(H,G4, on =“Start”) 

g. Subset cases based on homozygosity  

unique(G$Otherinfo) 

hom_G <- subset(G, Otherinfo == “hom”) 

j. Subset the matched homozygous dataset from combined controls 

finaldf<- subset (hom_G, !(Start %in% hom_com_con$Start))  

k. Export the subsetted file containing variant found in cases only 
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write.csv(finaldf, file = “finaldf_F1_hom_indel.csv”) 

l. Subset the resulting variants based on impact 

unique(finaldf$Impact) 

HIGH <- subset(finaldf, Impact == “HIGH”)  

MODERATE <- subset(finaldf, Impact == “MODERATE”)  

HiModr <- rbind(HIGH,MODERATE)  

write.csv(HiModr, file = “HiMod.indel_hom.csv”) 

LOW <- subset(finaldf, Impact == “LOW”)  

MODIFIER <- subset(finaldf, Impact == “MODIFIER”)  

LoMODF <- rbind(LOW,MODIFIER) 

m. Export the resulting file 

write.csv(LoMODF, file = “LowMod.indel_hom.csv”) 

3. For copy number variants (CNVs): 

a. Set the working directory in RStudio 

setwd("F:/WGS_data/All_samples/F3/CNV") 

b. Load the samples csv files into RStudio 

G1 <- read.table("M152.CNV.vep.anno.xls", header = FALSE, 

stringsAsFactors = FALSE) 

G2 <- read.table("M153.CNV.vep.anno.xls", header = FALSE, 

stringsAsFactors = FALSE) 

G3 <- read.table("M167.CNV.vep.anno.xls", header = FALSE, 

stringsAsFactors = FALSE) 

G4 <- read.table("M159.CNV.vep.anno.xls", header = FALSE, 

stringsAsFactors = FALSE) 

G5 <- read.table("M296.CNV.vep.anno.xls", header = FALSE, 

stringsAsFactors = FALSE) 

c. Merge the controls’ csv files 

combined.controls <- rbind(G4, G5) 

d. Load plyr R package 

library(plyr) 

e. Match the cases files based on shared variants 

H <- match_df(G1,G2, on ="V4") 

G <- match_df(H,G3, on ="V4") 

f. Subset the matched dataset from combined controls 

finaldf<- subset (G, !(V4 %in% combined.controls$V4)) 

g. export the subsetted file containing variant found in cases only 
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write.csv(finaldf, file = "finaldf_F3_CNV_V4_FINAL_23.csv" 

4. For structural variants (SVs) files: 

a. Set the working directory in RStudio 

setwd("F:/WGS_data/All_samples/F4/SV") 

b. Load the samples csv files into RStudio 

G1 <- read.table("M120.sv.vep.anno.xls", header = FALSE, stringsAsFactors 

= FALSE) 

G2 <- read.table("M121.sv.vep.anno.xls", header = FALSE, stringsAsFactors 

= FALSE) 

#Load Controls 

G3 <- read.table("M278.sv.vep.anno.xls", header = FALSE, stringsAsFactors 

= FALSE) 

G4 <- read.table("M282.sv.vep.anno.xls", header = FALSE, stringsAsFactors 

= FALSE) 

c. Load plyr R package 

library(plyr) 

d. Match the cases files based on shared variants 

F <- match_df(G1,G2, on ="V4") 

e. Merge the controls’ csv files 

combined.controls <- rbind(G3, G4) 

f. Subset the matched dataset from combined controls 

finaldf<- subset (F, !(V4 %in% combined.controls$V4)) 

g. export the subsetted file containing variant found in cases only 

write.csv(finaldf, file = "finaldf_F4_sv_V4_Final.csv") 

The above scripts were modified several times to capture both homozygous and 

heterozygous variants, as the disease’s mode of inheritance is unknown. 

3.6.2.2 Variant filtering 

The resulting CSV files were then filtered based on the following criteria: 

1. Frequency: 

I selected alleles with a minor allele frequency (MAF) of  less than 1% according 

to gnomAD genomes v2.1.1 frequency database (256) with an additional focus 

on allele frequencies in African populations. Rare variants (MAF< 1%) are more 

likely to be functional or have a larger effect size on phenotypic outcomes than 

common variants (257). They can have a higher likelihood of being deleterious 
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or disease-causing due to their recent appearance or purifying selection that 

kept them at low frequency (258). By focusing on rare variants with MAF< 1%, 

I increased the chances of identifying variants that could play a significant role 

in mycetoma development. 

2. Impact:  

To prioritise variants based on their impact on protein function, expression, or 

sequence conservation, only high-level variants (such as frame-shifts, splicing, 

large deletions, or duplications) and moderate-level variants (such as missense 

or in-frame-shifts) were chosen for further consideration. 

3. Pathogenicity: 

According to the American College of Medical Genetics (ACMG) classification 

(259), only pathogenic, likely pathogenic or variants of uncertain significance 

(VUS) were chosen for further filtering. 

4. Loss of function: 

I also considered the Loss of Function (LOF) variants as identified by the 

Ensembl Variant Effect Predictor (VEP) tool (260). The LOF variants are 

defined as genetic alterations in the genome that are predicted to disrupt the 

normal function of a gene, potentially leading to the loss or reduction of gene 

activity and may contribute to disease susceptibility or phenotypic changes. 

5. Relevance to mycetoma:  

The Human Protein Atlas (261) and Genotype-Tissue Expression (GTEx) (262) 

databases were used to investigate whether the candidate genes were 

expressed in tissues or immune cells related to mycetoma. Reactome database 

(263) was also used to explore if the candidate genes were involved in 

biological pathways associated with mycetoma pathogenesis. 

In addition, I conducted a literature search to determine whether the identified 

variants/genes were associated with increased susceptibility to mycetoma, 

other fungal infections, or any other infectious diseases. 

3.6.2.3 Variant prioritisation 

For the final filtering of candidates in each family, the following databases were used: 

1. Varsome search engine (264), which aggregates human genetic variation 

information from several databases, including:  
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i. ACMG for pathogenicity classification. 

ii. Detection of Mode of Inheritance from Non-heritable Observations 

(DOMINO), a computational method that predicts the mode of 

inheritance (autosomal dominant, autosomal recessive, or X-linked) of 

genes based on the analysis of non-heritable observational data, such 

as gene expression levels, without relying on traditional genetic 

segregation data (265). 

iii. GTEx for tissue-specific gene expression, 

iv. GnomAD genomes allele frequency, and 

v. Several integrated algorithms to predict whether a genetic variant is 

pathogenic (pathogenicity predictors) and assesses its conservation 

across different species (conservation predictors), aiding in the 

interpretation of genetic variants in a clinical context. 

2. The Clinical Genome Resource (ClinGen) (266), a publicly accessible resource 

that provides curated and standardised information on the clinical relevance 

and interpretation of genetic variants. It provides data on gene-disease 

relationships, variant interpretation, and clinical validity, aiding in the accurate 

interpretation of genetic variants and their associations with various medical 

conditions. 

3. Alliance of Genome Resources (267), a collaborative platform that provides a 

comprehensive source of information about candidate genes' functions. It 

integrates data from diverse model organisms and human studies to offer 

insights into gene function, biological pathways, expression patterns, and 

associated diseases. 

4. Online Mendelian Inheritance in Man (OMIM) catalogue (268), a 

comprehensive resource for information about human genes and genetic 

disorders. It provides detailed insights into the genetic basis of diseases, 

including gene function, inheritance patterns, clinical characteristics, and 

associated references, enabling clinicians and researchers to better 

comprehend the relationships between genes and diseases for diagnostic and 

research purposes. 

 

To validate this analysis, a senior colleague annotated, filtered, and prioritised the 

families’ VCF files independently using VarAFT software (269). 
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3.6.2.4 Validation by Sanger Sequencing 

The raw sequencing data, known as AB1 files, were analysed using MEGA version 

7.0.26 software (270). 

3.6.2.5 Identity by descent analysis 

In order to verify identity by descent (IBD) for the identified candidate variants in Family 

2 and Family 3, an IBD analysis was performed on the regions within a 400 kb window 

of each variant. Only Family 2 and Family 3 were chosen for this analysis since the 

identified variants were detected in third degree relatives, therefore I had to confirm 

that the shared variants came from a recent common ancestor. The analysis was 

conducted on VCF files of the affected individuals using --genome option in PLINK 

version 1.9 (271). PLINK --genome determines the proportion of loci shared between 

two individuals as zero alleles (Z0), one allele (Z1), or two alleles (Z2). Another 

estimate resulting from this analysis is the PI-HAT (π-HAT) value, which represents 

the proportion of IBD = P(IBD = 2) + 0.5*P(IBD = 1) between two individuals. It is 

another measure used to estimate pairwise genetic relatedness between individuals 

based on their genotypic data. PI-HAT values close to zero indicate unrelated 

individuals, while values close to 1 suggest a high degree of relatedness. Using R 

version 4.0.2 (255), the proportions of loci shared between individual pairs of the same 

family were plotted. 

3.6.2.6 Predicting alterations in protein stability upon mutation 

Missense mutations can affect protein stability and interaction with other biological 

molecules, eventually leading to protein dysfunction. The changes in protein stability 

are determined by calculating the differences in unfolding Gibbs free energy (∆∆G) 

between wild-type and mutant proteins. DynaMut web server (272) was used to 

computationally predict the effect of the candidate missense variants on their 

corresponding proteins’ stabilities, conformations, and flexibilities. 

3.6.2.7 Network analysis 

A candidate genes interaction network was created using the GeneMANIA plugin 

(230) within Cytoscape software version 3.8.2 (231). Using the identified candidate 

genes, the plugin can detect other genes with similar roles and establish links by 

integrating existing genomics and proteomics information, including co-expression 
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associations, co-localization, genetic interactions, pathway links, physical interactions, 

and shared protein domains.  

The generated network was then analysed by another plugin in Cytoscape software 

named Centiscape (273). This tool calculates various centrality measures in biological 

networks to identify and prioritise essential genes (nodes) based on their network 

connectivity and potential functional significance. I chose two parameters of centrality:  

1. Degree which evaluates the regulatory importance of a gene (node) by 

measuring the number of its connections (edges) and  

2. Betweenness, which measures a node's biological intermediary role in 

communication between all other nodes. It is calculated by counting the 

shortest paths that pass through the node. 

3.6.2.8 Pathway analysis 

Reactome analysis tools (263) were utilised to gain insights into the biological 

significance of the candidate genes. By systematically mapping these candidates to 

curated biological pathways, Reactome enables the identification of pathways that 

exhibit statistically significant enrichment among the provided gene set. This approach 

helps prioritise key pathways potentially relevant to the biological context and offers a 

comprehensive view of the functional implications and interactions between the 

candidate genes. Reactome's capacity to analyse overrepresented pathways aids in 

elucidating the underlying molecular mechanisms driving observed genetic 

association and contributing to a deeper understanding of disease aetiology. 

3.6.3 Genome-wide association studies 

Raw IDAT files were converted from the GenomeStudio Final Report file into the 

standard PLINK version 1.9 (271) format for subsequent analysis. The commands and 

R scripts used in the GWAS analyses were all executed from the Unix command line. 

The following commands were used for the format conversion:  

#Convert GenomeStudio output file into the standard plink1.9 format 

plink1.9 --file MYC --make-bed --allow-no-sex --out myc_gwa_1 

#add sex information 

plink1.9 --update-sex myc_sex_2.txt --bfile myc_gwa_1 --no-sex --no-pheno --no-

parents --make-bed --out myc_gwa_2 

#add phenotype information 
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plink1.9 --bfile myc_gwa_2 --pheno myc_pheno_2.txt --make-bed --out myc_gwa_3 

3.6.3.1 Data quality control 

Standard GWAS quality control (274) was applied using PLINK and R version 4.0.2. 

This included: 

1. Removal of individuals and SNPs with >2% missing genotype count using the 

following commands: 

# Investigate missingness per individual and SNP 

plink1.9 --bfile myc_gwa_3 --missing 

# Generate plots to visualise the missingness results 

Rscript --no-save hist_miss.R 

# Delete SNPs with missingness >0.2. 

plink1.9 --bfile myc_gwa_3 --geno 0.2 --make-bed --out myc_gwa_3_1  

# Delete individuals with missingness >0.2. 

plink1.9 --bfile myc_gwa_3_1  --mind 0.2 --make-bed --out myc_gwa_3_2 

# Delete SNPs with missingness >0.02. 

plink1.9 --bfile myc_gwa_3_2 --geno 0.02 --make-bed --out myc_gwa_3_3 

# Delete individuals with missingness >0.02. 

plink1.9 --bfile myc_gwa_3_3 --mind 0.02 --make-bed --out myc_gwa_3_4 

2. Removal of individuals with conflicting sex information (discordance between self-

reported and genotyped sex based on X chromosome heterozygosity/ 

homozygosity rates). This was done using the following commands: 

plink1.9 --bfile myc_gwa_3_4 --check-sex 

Rscript --no-save gender_check.R 

plink1.9 --bfile myc_gwa_3_4 --remove sex_discrepancy.txt --make-bed –out 

myc_gwa_4 

The sex of three individuals was wrongly assigned and therefore imputed based 

on the genotype information using the next command: 

plink1.9 --bfile myc_gwa_4 --impute-sex --make-bed --out myc_gwa_5 

3. Deletion of SNPs with a low MAF of less than 0.05 with the following commands: 

# Select autosomal SNPs only (i.e., from chromosomes 1 to 22). 

awk '{ if ($1 >= 1 && $1 <= 22) print $2 }' myc_gwa_5.bim > snp_1_22.txt 

plink1.9 --bfile myc_gwa_5 --extract snp_1_22.txt --make-bed --out myc_gwa_6 

# Generate a plot of the MAF distribution. 

plink1.9 --bfile myc_gwa_6 --freq --out MAF_check 
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Rscript --no-save MAF_check.R 

# Remove SNPs with low MAF frequency. 

plink1.9 --bfile myc_gwa_6 --maf 0.05 --make-bed --out myc_gwa_7 

4. Deletion of SNPs which were not in Hardy-Weinberg equilibrium (HWE). Since 

mycetoma is a binary trait, I excluded HWE p-value <1e−10 in cases and <1e−6 in 

controls. A less strict case threshold avoids discarding disease‐associated SNPs 

under selection. This step was done using the following commands: 

plink1.9 --bfile myc_gwa_7 --hardy 

# Selecting SNPs with HWE p-value below 0.00001.  

awk '{ if ($9 <0.00001) print $0 }' plink.hwe>plinkzoomhwe.hwe 

Rscript --no-save hwe.R 

plink1.9 --bfile myc_gwa_7 --hwe 1e-6 --make-bed --out myc_hwe_filter_step1 

plink1.9 --bfile myc_hwe_filter_step1 --hwe 1e-10 --hwe-all --make-bed --out 

myc_gwa_8 

5. Removal of individuals with an outlying heterozygosity rate (deviating more than 

three standard deviations from the mean of the heterozygosity rate). The next 

commands were used: 

plink1.9 --bfile myc_gwa_8 --exclude inversion.txt --range --indep-pairwise 50 5 0.2 --

out indepSNP 

plink1.9 --bfile myc_gwa_8 --extract indepSNP.prune.in --het --out R_check 

#Plot of the heterozygosity rate distribution 

Rscript --no-save check_heterozygosity_rate.R 

# performing statistical calculations in R: 

Rscript --no-save heterozygosity_outliers_list.R 

# Output of the command above: fail-het-qc.txt . 

# Adapt this file to make it compatible with PLINK, by removing all quotation marks 

from the file and selecting only the first two columns. 

sed 's/"// g' fail-het-qc.txt | awk '{print$1, $2}'> het_fail_ind.txt 

# Remove heterozygosity rate outliers. 

plink1.9 --bfile myc_gwa_8 --remove het_fail_ind.txt --make-bed --out  myc_gwa_9 

6. Duplicates with a pihat (π-hat) = 1 were removed using the following command: 

plink1.9 --bfile myc_gwa_9 --remove fail_ibd_qc_T3.txt --make-bed --out 

myc_gwa_10 

Pi-hat is a measure used to estimate pairwise genetic relatedness between 

individuals based on their genotypic data. It is calculated using common SNPs 

shared between pairs of individuals and quantifies the proportion of alleles that are 
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identical by descent (IBD) between two individuals. Pi-hat values close to zero 

indicate unrelated individuals, while values close to 1 suggest a high degree of 

relatedness. To eliminate related subjects, the typically threshold is pi-hat >0.2 

(274). However, since this dataset included families, I revised the command to 

remove only duplicates having pi-hat=1. 

7. Population outliers were checked by running the multidimensional scaling (MDS) 

approach incorporated in PLINK using the 1000 Genomes (1KG) Project reference 

panel (August 2010 release) (275). The 1KG dataset includes 629 individuals 

descending from European, African, Admixed American, and Asian ancestries. 

The commands used for this step were: 

# Extract the variants present in my dataset from the 1000 genomes dataset. 

awk '{print$2}' myc_gwa_11.bim > myc_gwa_11_SNPs.txt 

plink1.9 --bfile 1kG_MDS5 --extract myc_gwa_11_SNPs.txt --make-bed --out 

1kG_MDS6 

# Extract the variants present in the 1000 Genomes dataset from my dataset. 

awk '{print$2}' 1kG_MDS6.bim > 1kG_MDS6_SNPs.txt 

plink1.9 --bfile myc_gwa_11 --extract 1kG_MDS6_SNPs.txt --recode --make-bed --

out myc_MDS 

# Change the 1000 Genomes data build. 

awk '{print$2,$4}' myc_MDS.map > buildmyc.txt 

plink1.9 --bfile 1kG_MDS6 --update-map buildmyc.txt --make-bed --out 1kG_MDS7 

# Set reference genome before merging 1000 Genomes data with our dataset. 

awk '{print$2,$5}' 1kG_MDS7.bim > 1kg_ref-list.txt 

plink1.9 --bfile myc_MDS --reference-allele 1kg_ref-list.txt --make-bed --out myc-adj 

# Check for potential strand issues. 

awk '{print$2,$5,$6}' 1kG_MDS7.bim > 1kGMDS7_tmp 

awk '{print$2,$5,$6}' myc-adj.bim > myc-adj_tmp 

sort 1kGMDS7_tmp myc-adj_tmp |uniq -u > all_differences.txt 

# Flip SNPs for resolving strand issues. 

# Print SNP-identifier and remove duplicates. 

awk '{print$1}' all_differences.txt | sort -u > flip_list.txt 

# Flip the non-corresponding SNPs.  

plink1.9 --bfile myc-adj --flip flip_list.txt --reference-allele 1kg_ref-list.txt --make-bed --

out corrected_myc 

# Check for SNPs which are still problematic after they are flipped. 

awk '{print$2,$5,$6}' corrected_myc.bim > corrected_myc_tmp 
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sort 1kGMDS7_tmp corrected_myc_tmp |uniq -u  > uncorresponding_SNPs.txt 

# Remove the problematic SNPs from both datasets. 

awk '{print$1}' uncorresponding_SNPs.txt | sort -u > SNPs_for_exlusion.txt 

plink1.9 --bfile corrected_myc --exclude SNPs_for_exlusion.txt --make-bed --out 

myc_MDS2 

plink1.9 --bfile 1kG_MDS7 --exclude SNPs_for_exlusion.txt --make-bed --out 

1kG_MDS8 

#Perform MDS on our data anchored by 1000 Genomes data using a set of pruned 

SNPs. 

plink1.9 --bfile MDS_merge2 --extract indepSNP.prune.in --genome --out 

MDS_merge2 

plink1.9 --bfile MDS_merge2 --read-genome MDS_merge2.genome --cluster --mds-

plot 10 --out MDS_merge2 

# Create a racefile of our data. 

awk '{print$1,$2,"OWN"}' myc_MDS.fam>racefile_own.txt 

# Concatenate racefiles 

cat race_1kG14.txt racefile_own.txt | sed -e '1i\FID IID race' > racefile.txt 

# Generate population stratification plot.  

Rscript MDS_merged.R 

3.6.3.2 Data analysis 

3.6.3.2.1 Estimating the genomic inbreeding coefficient (FROH) 

Estimations of consanguinity based on family pedigrees have limitations, such as the 

inability to reveal information about close-kin marriages in past generations, leading 

to an underestimation of cumulative inbreeding effects. To overcome this challenge, 

the quality-controlled GWAS data was utilised to determine individual autozygosity 

(FROH) by identifying uninterrupted runs of homozygosity (ROH). The term ROH refers 

to stretches of consecutive homozygous genotypes along the genome. Whereas FROH 

is a calculation that provides insight into the degree of recent inbreeding or relatedness 

within a population or individual. Higher FROH values can indicate higher levels of 

inbreeding, leading to an increased risk of recessive genetic disorders due to the 

expression of deleterious alleles. 

The estimation was performed using PLINK version 1.9 and detectRUNS R package 

version 0.9.6 (276). The following commands were used: 
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1. Calculation of the ROH using PLINK 

plink1.9 --bfile myc_gwa_10 --homozyg --homozyg-group 

2. Estimation of FROH in R: 

library(detectRUNS) 

# Dataset was uploaded using the following command: 

t2homrun <- readExternalRuns(inputFile = "plink.hom", program = "plink") 

#FROH table was generated using the following command: 

Froh_inbreeding(runs = t2homrun, mapFile = "MYC.map") 

#FROH plots were generated using the following command: 

plot_InbreedingChr(runs = t2homrun, mapFile = "MYC.map", groupSplit = FALSE, 

style = "All") 

3.6.3.2.2 Association analysis 

The quality-controlled dataset was used to run association analyses using two 

methods: mixed linear model association analysis (MLMA) implemented in Genome-

wide Complex Trait Analysis (GCTA) software package (277) and generalised mixed 

model (GMM) implemented in Scalable and Accurate Implementation of Generalised 

mixed model (SAIGE) R package (278). The commands used for both methods are 

detailed in the following two sections. 

3.6.3.2.2.1  Association testing using Genome-wide Complex Trait Analysis 

Association analysis was performed using GCTA version 1.94.1 and R version 4.2.2. 

In this analysis, I used the LMM approach to perform association analysis while 

allowing for relatedness between individuals. The next commands were used for the 

analysis: 

gcta-1.94.1 --mlma --bfile myc_gwa_10 --pheno phenos.txt --out GCTAresults 

#Calculate the genomic control inflation factor (in R):  

source("qqmanHJCupdated.R") 

res<-read.table("GCTAresults.mlma", header=T) 

head(res) 

chi<-(qchisq(1-res$p,1)) 

lambda=median(chi)/0.456 

lambda 

#Produce QQ and Manhattan plots:  

new<-data.frame(res$SNP, res$Chr, res$bp, res$p) 
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names(new)<-c("SNP", "CHR", "BP", "P") 

head(new) 

png("qq.png") 

qq(new$P) 

dev.off() 

png("mh.png") 

Manhattan(new, pch=20, suggestiveline=F, genomewideline=F, ymin=2, 

cex.x.axis=0.65, colors=c("black","dodgerblue"), cex=0.5) 

dev.off() 

#Export results: 

write.table(new[-log10(new$P)>5,], "SNPs_GCTA", row.names=T, col.names=T, 

quote = T) 

3.6.3.2.2.2  Association testing using Scalable and Accurate Implementation of 

Generalised mixed model  

In the second approach, association analysis was done using SAIGE R package 

version 1.2.0 and R version 4.3.1. SAIGE was convenient for the mycetoma dataset 

since it allowed conducting association testing using a GMM and adjusting for sex and 

principal components 1–5. The next commands were used for the analysis: 

#Prepare the phenotype file: 

#Sex information extracted from myc_gwa_10.fam 

write.table(myc_gwa_10[, c(1,2,5)], "sex_covar", row.names=F, col.names=F, quote 

= F) 

#Read in phenotypes and covariates in R: 

library(data.table) 

library(magrittr) 

phenotype <- fread("phenos.txt") 

covariate <- fread("sex_covar") 

pcs <- fread("pcs.eigenvec") 

colnames(pcs) <- c("FID", "IID", paste0("PC", 1:5)) 

colnames(covariate) <- c("FID","IID", "sex") 

pheno <-merge(phenotype, covariate) %>% merge(., pcs) 

write.table(pheno, "phenoFile", row.names=F, col.names=T, quote = F) 

#STEP 1 in SAIGE: 

#Fitting the null model using a full GRM that will be calculated on-the-fly using 

genotypes in myc_gwa_10 
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library(SAIGE) 

Rscript step1_fitNULLGLMM.R --plinkFile=myc_gwa_10 --phenoFile=phenoFile.txt --

phenoCol=MYC --covarColList=sex,PC1,PC2,PC3,PC4,PC5 --qCovarColList=sex --

sampleIDColinphenoFile=IID --traitType=binary --outputPrefix=MYC_model --

nThreads=1 --skipVarianceRatioEstimation=FALSE --

IsOverwriteVarianceRatioFile=TRUE 

#Step 2 in SAIGE 

#Perform association testing for each genetic marker by applying SPA to obtain more 

accurate p-values, and Firth's Penalized Likelihood to reduce bias in the estimated 

coefficients and p-values. 

Rscript step2_SPAtests.R --bedFile=myc_gwa_10.bed --bimFile=myc_gwa_10.bim --

famFile=myc_gwa_10.fam --SAIGEOutputFile=MYC_Assoc.txt --minMAF=0 --

minMAC=20 --GMMATmodelFile=MYC_model.rda --

varianceRatioFile=MYC_model.varianceRatio.txt --is_Firth_beta=TRUE --

pCutoffforFirth=0.01 --is_output_moreDetails=TRUE --LOCO=FALSE 

#calculate the genomic control inflation factor: 

res<-read.table("MYC_Assoc.txt", header=T) 

chi<-(qchisq(1-res$p.value,1)) 

lambda=median(chi)/0.456 

lambda 

#produce QQ and Manhattan plots:  

source("qqmanHJCupdated.R") 

SAIGE_new<-data.frame(res$MarkerID, res$CHR, res$POS, res$p.value) 

names(SAIGE_new)<-c("SNP", "CHR", "BP", "P") 

png("qqT6.png") 

qq(new$P) 

dev.off() 

png("mh_T6.png") 

manhattan(new, pch=20, suggestiveline=F, genomewideline=F, ymin=2, 

cex.x.axis=0.65, colors=c("black","dodgerblue"), cex=0.5) 

dev.off() 

#export top SNPs full info: 

write.table(res[-log10(res$p.value)>5,], "SNPs_SAIGE_RAW_T6", row.names=F, 

col.names=T, quote = F) 
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3.6.3.2.3 Regional association 

Regional association plots for the lead SNPs ( -log10 P above 5) in our analysis were 

generated using LocusZoom (279). For this analysis, I considered all the SNPs within 

a 400 kb window of each top SNP. The resulting text files were generated using the 

following command as an example for one of our lead SNPs, rs167677: 

awk '{ if ($1 == 1 && $3 > 96068117 && $3 < 96868117) print }' GCTAresults.mlma> 

rs167677_LD.txt 

These text files were uploaded to the LocusZoom website (https://my.locuszoom.org/). 

The African LD population was chosen on the region page, and results were exported 

as PNG images. 

3.6.3.2.4 Annotation and functional analysis 

Using GWAS summary statistics, functional mapping and annotation of genome-wide 

association studies (FUMA) online platform version 1.5.4 (280) was utilised to pinpoint 

regulatory elements, protein-coding genes, or pathways linked to the associated 

variants. The parameters used for this analysis can be found in Appendix 8. Multi-

marker analysis of genomic annotation (MAGMA) version 1.08 (281), implanted in 

FUMA, was utilised to perform gene-based association analysis. This is done by 

aggregating the SNP-level association statistics within each gene to identify potential 

candidate genes significantly associated with mycetoma. 

3.6.3.2.5 SNP heritability 

GCTA was also used to estimate the heritability accounted for by all autosomal 

genome-wide SNPs via the following commands: 

gcta-1.94.1 --bfile myc_gwa_10 --autosome --make-grm-bin --out GCTAgrm 

gcta-1.94.1 --reml --grm-bin GCTAgrm --pheno phenos.txt --out GCTAherit 

3.6.3.3 Imputation performance evaluation 

Genotype imputation is a statistical method utilised to estimate the missing genotypes 

in GWAS datasets, thereby increasing the statistical power of association analysis 

using reference panels such as the 1000 Genomes Project, the Haplotype Reference 

Consortium (HRC), and Trans-Omics for Precision Medicine (TOPMed) reference 

panels (159,160,282). These panels contain sets of reference genotypes from which 

unobserved or missing genotypes in study sets can be inferred. The reference panels 

https://my.locuszoom.org/
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are predominantly composed of data from populations of European ancestry, with 

limited data available for African populations and admixed populations of African 

ancestry (283). Recent years have witnessed the emergence of several reference 

panels representing African populations, such as the Consortium on Asthma among 

African ancestry populations in the Americas (CAAPA) (284) and the African Genome 

Resource (AGR, not publicly available). Northeastern African populations often have 

unique genetic variations not well represented in reference panels. Thus, this 

imputation accuracy assessment was done to identify how well our Sudanese dataset 

is imputed and whether the imputed genotypes align with their true genetic makeup 

represented by the WGS available data.  

For this analysis, I used 17 samples from the families with multiple cases of mycetoma, 

which had high-coverage WGS (30x coverage) and quality-controlled GWAS data. It 

was performed to assess the performance of two reference panels, Trans-Omics for 

Precision Medicine (TOPMed; n = 97,256) and the Consortium on Asthma among 

African-ancestry Populations in the Americas (CAAPA; n = 883), to identify which is 

the optimal panel for genotype imputation of Sudanese GWAS datasets. The analysis 

pipeline is summarised in Figure 3.3.  
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Figure 3.3 Imputation accuracy evaluation pipeline. Figure created using BioRender.com. 

Imputation accuracy evaluation involves various metrics, including concordance rates, 

imputation R-squared (r2), non-reference discordance rate (NDR), and more, which 

will be discussed in detail in sections 3.6.3.3.7and 3.6.3.3.10. The steps taken for this 

analysis were: 

3.6.3.3.1 Preparing input files for imputation 

i. Extract 20 WGS samples from the QCed PLINK file 

plink1.9 --bfile myc_gwa_9 --keep Fam_ids --make-bed --out myc_gwa_fam 

ii. compute allele frequencies 

plink1.9 --bfile myc_gwa_fam --allow-no-sex --freq --out myc_gwa_fam.freq 

iii. In R, extract a list of palindromic SNPs (SNPs with alleles on the positive strand that 

could match the alleles on the negative strand) for subsequent exclusion 

#read in myc_gwa_fam.bim file 

bim = read.table("myc_gwa_fam.bim", header = F) 

#get indices of A/T and G/C SNPs 

w = which ((bim$V5=="A" & bim$V6=="T") | 

 (bim$V5=="T" & bim$V6=="A") | 

 (bim$V5=="C" & bim$V6=="G") | 

 (bim$V5=="G" & bim$V6=="C")) 
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#extract A/T and G/C SNPs 

at.cg.snps = bim[w,] 

#save A/T and G/C SNPs into a file at-cg-snps.txt 

write.table(at.cg.snps$V2, "at-cg-snps.txt", row.names = F, col.names = F, quote = F) 

iv. Run the following PERL script (available from Will Raynor 

(http://www.well.ox.ac.uk/~wrayner/tools/ ) for validating the SNPs against the HRC 

reference panel for strand, id names, positions and alleles 

• For CAAPA: 

perl HRC-1000G-check-bim.pl -b myc_gwa_fam.bim -f myc_gwa_fam. freq.frq -r 

all.caapa.sorted.txt -h 

• For TOPMed: 

perl HRC-1000G-check-bim.pl -b myc_gwa_fam.bim -f myc_gwa_fam.freq.frq -r 

PASS.Variants.TOPMed_freeze3_hg19_dbSNP.tab.gz -h 

v. Run the Unix script Run-plink.sh, which contains PLINK commands, to create a VCF 

file myc_gwa_fam-updated-chr*.vcf (The first command below makes the script 

executable, while the 2nd command runs it).  

chmod a+x Run-plink.sh 

./Run-plink.sh 

vi. Compress the VCF files using bgzip 

for chr in {1..22}; do bgzip -c myc_gwa_fam-updated-chr$chr.vcf > myc_gwa_fam-

updated-chr$chr.impute.vcf.gz; done 

3.6.3.3.2 Uploading samples to imputation servers 

A. This step was done using Michigan imputation server for phasing and 

imputation: 

i. Upload the compressed files to Michigan imputation server.  

ii. Select Minimac4 as the imputation engine, Eagle 2.4 phasing and 

CAAPA as the reference panel. 

iii. Retain variants with imputation quality (Rsq or estimated R2) of 0.3 or 

greater. 

B. Using TOPMed imputation server for phasing and imputation: 

i. Upload the compressed files to TOPMed imputation server.  

ii. Select Minimac4 as the imputation engine, Eagle 2.4 phasing, 

TOPMed reference panel “TOPMed r2” and population “vs TOPMed 

panel”.  
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iii. Retain variants with imputation quality (Rsq or estimated R2) of 0.3 or 

greater. 

3.6.3.3.3 Extracting imputation results 

i. To extract the results files 

for zip_file in chr_*.zip; do 

    unzip $zip_file 

done 

ii. Indexing dose files to combine them using bcftools 

for chr_vcf in chr*.dose.vcf.gz; do 

    bcftools index $chr_vcf 

done 

iii. Concatenate all chromosome VCF files into a single VCF file 

bcftools concat chr1.dose.vcf.gz chr2.dose.vcf.gz chr3.dose.vcf.gz chr4.dose.vcf.gz 

chr5.dose.vcf.gz chr6.dose.vcf.gz chr7.dose.vcf.gz chr8.dose.vcf.gz chr9.dose.vcf.gz 

chr10.dose.vcf.gz chr11.dose.vcf.gz chr12.dose.vcf.gz chr13.dose.vcf.gz 

chr14.dose.vcf.gz chr15.dose.vcf.gz chr16.dose.vcf.gz chr17.dose.vcf.gz 

chr18.dose.vcf.gz chr19.dose.vcf.gz chr20.dose.vcf.gz chr21.dose.vcf.gz 

chr22.dose.vcf.gz -Oz -o combined_imputed_data.vcf.gz 

iv. Indexing the combined file 

bcftools index combined_imputed_data.vcf.gz 

3.6.3.3.4 Preparing the WGS files for comparison 

To merge WGS VCF files from different samples into one VCF file for comparison 

with the imputed VCF file: 

i. Indexing the VCF files for subsequent merge 

for vcf_file in M001.snp.vcf.gz M002.snp.vcf.gz M040.snp.vcf.gz M041.snp.vcf.gz 

M083.snp.vcf.gz M090.snp.vcf.gz M091.snp.vcf.gz M120.snp.vcf.gz M121.snp.vcf.gz 

M159.snp.vcf.gz M167.snp.vcf.gz M213.snp.vcf.gz M228.snp.vcf.gz M236.snp.vcf.gz 

M278.snp.vcf.gz M282.snp.vcf.gz M296.snp.vcf.gz; do 

    bcftools index $vcf_file 

done 

ii. Merging and indexing the merged file 

bcftools merge M001.snp.vcf.gz M002.snp.vcf.gz M040.snp.vcf.gz M041.snp.vcf.gz 

M083.snp.vcf.gz M090.snp.vcf.gz M091.snp.vcf.gz M120.snp.vcf.gz M121.snp.vcf.gz 
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M159.snp.vcf.gz M167.snp.vcf.gz M213.snp.vcf.gz M228.snp.vcf.gz M236.snp.vcf.gz 

M278.snp.vcf.gz M282.snp.vcf.gz M296.snp.vcf.gz -Oz -o merged_wgs_data.vcf.gz 

#Indexing 

bcftools index merged_wgs_data.vcf.gz 

3.6.3.3.5 Harmonising the WGS and imputed VCF files before comparison 

A. For the WGS VCF 

i. Remove sex chromosomes from WGS VCF file 

bcftools view --exclude 'CHROM="chrX" || CHROM="chrY"' merged_wgs_data.vcf.gz 

-O z -o wgs.noXY.vcf.gz 

bcftools index wgs.noXY.vcf.gz 

ii. Sort the WGS file 

bcftools sort wgs.noXY.vcf.gz -o wgs.noXY.sorted.vcf.gz 

bcftools index wgs.noXY.sorted.vcf.gz 

iii. Split multi-allelic sites WGS VCF (none were found in Imputation VCF) 

bcftools norm -m -any wgs.noXY.sorted.vcf.gz -O z -o wgs.final.vcf.gz 

bcftools index wgs.final.vcf.gz 

iv. Create a WGS file with annotated variant IDs to match CAAPA variant IDs 

bcftools annotate --rename-chrs CHR wgs.final.vcf.gz -Oz -o 

corrected_wgs.final.vcf.gz 

bcftools annotate --set-id '%CHROM\:%POS\:%REF\:%ALT' 

corrected_wgs.final.vcf.gz -Oz -o wgs2.final.vcf.gz 

bcftools index wgs2.final.vcf.gz 

B. For the imputation VCF files 

i. Keep only the 17 samples that have WGS data 

bcftools view -S ^Fam_ids_rm -Oz -o imputed_filtered.vcf.gz 

combined_imputed_data.vcf.gz 

ii. Use the reheader subcommand to change the sample names in the imputation VCF 

file 

bcftools reheader -s change_ids_impute imputed_filtered.vcf.gz -o 

imputed_data.vcf.gz 

iii. check if the names were correctly changed 

bcftools view -h imputed_data.vcf.gz 

iv. Rearrange samples order to match WGS file  

bcftools view --samples-file sample_order.txt -Oz -o rearranged_imputed.vcf.gz 

imputed_data.vcf.gz 
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v. Sort and index 

bcftools sort -Oz -o imputed_rearranged_sorted.vcf.gz rearranged_imputed.vcf.gz 

3.6.3.3.6 Comparing the files 

i. For CAAPA imputation file, caapa_sorted.vcf.gz: 

Use bcftools isec to identify common and unique variants between the WGS and 

imputed VCF files: 

bcftools isec -p vcf_comparison2 -Oz wgs2.final.vcf.gz caapa_sorted.vcf.gz 

The output files are: 

0000.vcf: Variants unique to WGS file. 

0001.vcf: Variants unique to CAAPA imputation file. 

0002.vcf: Variants in the wgs2.final.vcf.gz shared by both files. 

0003.vcf: Variants in the caapa_sorted.vcf.gz shared by both files. 

ii. For TOPMed imputation file, topmed_sorted.vcf.gz: 

bcftools isec -p vcf_comparison2 -Oz wgs.final.vcf.gz topmed_sorted.vcf.gz 

The output files are: 

0000.vcf: Variants unique to WGS file. 

0001.vcf: Variants unique to TOPMed imputation file. 

0002.vcf: Variants in the wgs2.final.vcf.gz shared by both files. 

0003.vcf: Variants in the topmed_sorted.vcf.gz shared by both files. 

3.6.3.3.7 Using the imputation accuracy calculator 

Imputation accuracy was evaluated using the imputation accuracy calculation software 

available on GitHub (285). Only SNPs common to the imputed and sequence data 

were considered in this evaluation; therefore, 0003.vcf.gz output files from the 

previous step were used as the imputation input files. The following steps were taken 

to calculate the imputation accuracy: 

i. Remove missing genotypes from the WGS file prior to comparison 

bcftools filter -e 'GT="./."' -o wgs.final.nomiss.vcf.gz  wgs2.final.vcf.gz 

ii. Indexing WGS input file using tabix 

tabix -p vcf wgs.final.nomiss.vcf.gz 

iii. Running the comparison Python script provided on the GitHub page  

python3 Compare_imputation_to_WGS.py --wgs wgs.final.nomiss.vcf.gz --imputed 

vcf_comparison/0003.vcf.gz 
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The output files (per_sample_results.txt and per_variant_results.txt) consisted of 

comprehensive reports that include the concordance rate, square correlation (r2), 

precision, recall, Imputation Quality Score (IQS) and Root Mean Squared Error 

(RMSE). The concordance rate measures the proportion of concordant genotypes 

between imputed and true genotypes (derived from the WGS data), while the square 

correlation, also known as r2, refers to the Pearson correlation coefficient between the 

imputed and genotyped dosage of every SNP, squared. Precision is the ratio of true 

positive predictions to the total predicted positives and recall is the ratio of true positive 

predictions to the actual positive samples. The IQS parameter provides an overall 

assessment of imputation accuracy by combining various metrics, such as 

concordance, correlation, and accuracy, into a single score, providing an overall 

assessment of imputation performance. Additionally, RMSE quantifies the difference 

between imputed and true genotypes, further evaluating imputation performance. 

3.6.3.3.8 Visualising the comparison results 

To accurately assess IQS and r2 results, I excluded all variants with MAF equal to zero 

from the analysis. These two parameters are not indicative of accuracy or imputation 

quality when MAF is equal to zero. 

All graphs were created using the following codes in Python 3 (1): 

i. For squared correlation (r2) versus root mean squared error (RMSE) plot:  

To demonstrate how MAF affects imputation accuracy and error rates, I plotted 

RMSE against r2 using the following Python script: 

import pandas as pd 

import matplotlib.pyplot as plt 

# Load data from the text file into a pandas DataFrame 

data = pd.read_csv( '0003.vcf_per_variant_results.txt', sep='\t') 

# Extract r2 and error columns from the DataFrame 

r2 = data['r2'] 

error = data['RMSE'] 

# Filter out variants with MAF = 0 

data_filtered = data[data['WGS_MAF'] > 0] 

# Calculate MAF bins based on the error values 

maf_bins = [0, 0.05, 0.1, 0.2, 0.5, 1] 
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data_filtered['MAF_bin'] = pd.cut(data_filtered['RMSE'], bins=maf_bins, 

labels=maf_bins[:-1]) 

# Set up colors for different MAF bins 

colors = plt.cm.tab10.colors[:len(maf_bins)-1] 

# Create the scatter plot with different colors for each MAF bin 

for i, (bin_start, bin_end) in enumerate(zip(maf_bins[:-1], maf_bins[1:])): 

    subset_data = data_filtered[(data_filtered['RMSE'] >= bin_start) & 

(data_filtered['RMSE'] < bin_end)] 

    plt.scatter(subset_data['RMSE'], subset_data['r2'], s=20, alpha=0.5, label=f'MAF 

[{bin_start}, {bin_end})', color=colors[i]) 

plt.xlabel('Root Mean Squared Error (RMSE)') 

plt.ylabel('r2') 

plt.legend() 

plt.grid(True) 

plt.show() 

Then the following command was used to run the Python script on the terminal: 

python3 r2VSerror.py 

ii. For comparing the mean concordance rate by MAF stratification of TOPMed and 

CAAPA imputed variants, the following code was used: 

import pandas as pd 

import matplotlib.pyplot as plt 

# Load concordance data for TOPMed from the text file 

topmed_data = pd.read_csv('TOPMed0003.vcf_per_variant_results.txt', sep='\t') 

 

# Load concordance data for CAAPA from the text file 

caapa_data = pd.read_csv('CAAPA0003.vcf_per_variant_results.txt', sep='\t') 

# Define the MAF bins 

maf_bins = [0.01, 0.05, 0.25, 0.5]   

# Bin the data based on WGS MAF values for TOPMed 

topmed_data['MAF_Bin'] = pd.cut(topmed_data['WGS_MAF'], bins=maf_bins) 

# Bin the data based on WGS MAF values for CAAPA 

caapa_data['MAF_Bin'] = pd.cut(caapa_data['WGS_MAF'], bins=maf_bins) 

# Group data by MAF bins and calculate the mean concordance rate in each bin for 

TOPMed 

binned_topmed_data = 

topmed_data.groupby('MAF_Bin')['concordance_P0'].mean().reset_index() 



73 
 

# Group data by MAF bins and calculate the mean concordance rate in each bin for 

CAAPA 

binned_caapa_data = 

caapa_data.groupby('MAF_Bin')['concordance_P0'].mean().reset_index() 

# Create the bar plot with grouped bars 

fig, ax = plt.subplots(figsize=(10, 6)) 

bar_width = 0.2  # Adjust the bar width for closer bars 

topmed_bars = plt.bar(range(len(binned_topmed_data)), 

binned_topmed_data['concordance_P0'], width=bar_width, align='center', 

label='TOPMed') 

caapa_bars = plt.bar([x + bar_width for x in range(len(binned_caapa_data))], 

binned_caapa_data['concordance_P0'], width=bar_width, align='center', 

label='CAAPA') 

plt.xlabel('Minor allele frequency bins') 

plt.ylabel('Mean Concordance Rate') 

plt.title('Mean Concordance Rate between Imputed and WGS Genotypes by MAF 

Bins') 

plt.xticks([x + bar_width / 2 for x in range(len(binned_topmed_data))], 

binned_topmed_data['MAF_Bin']) 

plt.legend() 

# Add text annotations for the mean concordance values on the bars 

for bar, concordance_rate in zip(topmed_bars, 

binned_topmed_data['concordance_P0']): 

    plt.text(bar.get_x() + bar.get_width() / 2, concordance_rate, 

f'{concordance_rate:.2f}', ha='center', va='bottom', color='#2C5E90') 

for bar, concordance_rate in zip(caapa_bars, 

binned_caapa_data['concordance_P0']): 

    plt.text(bar.get_x() + bar.get_width() / 2, concordance_rate, 

f'{concordance_rate:.2f}', ha='center', va='bottom', color='#FF8A3B') 

plt.tight_layout() 

plt.show() 

Then the following command was used to run the Python script on the terminal: 

python3 3_TopMed_CAAPA_conc.py 

iii. For MAF bins against: 

a) Root mean squared error (RMSE): 

import pandas as pd 

import matplotlib.pyplot as plt 
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# Load concordance data for CAAPA from the text file 

caapa_data = pd.read_csv('CAAPA0003.vcf_per_variant_results.txt', sep='\t') 

# Load concordance data for TOPMed from the text file 

topmed_data = pd.read_csv('TOPMed0003.vcf_per_variant_results.txt', sep='\t') 

# Define the MAF bins 

maf_bins = [0.01, 0.05, 0.25, 0.5]  # Customize the MAF bins as needed 

# Bin the data based on WGS MAF values for CAAPA 

caapa_data['MAF_Bin'] = pd.cut(caapa_data['WGS_MAF'], bins=maf_bins) 

# Bin the data based on WGS MAF values for TOPMed 

topmed_data['MAF_Bin'] = pd.cut(topmed_data['WGS_MAF'], bins=maf_bins) 

# Group data by MAF bins and calculate the mean RMSE in each bin for CAAPA 

binned_caapa_data = caapa_data.groupby('MAF_Bin')['RMSE'].mean().reset_index() 

# Group data by MAF bins and calculate the mean RMSE in each bin for TOPMed 

binned_topmed_data = 

topmed_data.groupby('MAF_Bin')['RMSE'].mean().reset_index() 

# Create the bar plot comparing mean RMSE between CAAPA and TOPMed 

plt.figure(figsize=(10, 6)) 

plt.bar(range(len(binned_caapa_data)), binned_caapa_data['RMSE'], align='center', 

width=0.4, label='CAAPA', color='#FF8A3B') 

plt.bar([x + 0.4 for x in range(len(binned_topmed_data))], 

binned_topmed_data['RMSE'], align='center', width=0.4, label='TOPMed', 

color='#2C5E90') 

plt.xticks([x + 0.2 for x in range(len(binned_caapa_data))], 

binned_caapa_data['MAF_Bin'], rotation=45) 

plt.xlabel('Minor allele frequency bins') 

plt.ylabel('Mean RMSE') 

plt.title('Mean RMSE between Imputed and WGS Genotypes by MAF Bins (CAAPA 

vs TOPMed)') 

plt.legend() 

# Add text annotations for the mean RMSE values on the bars 

for x, y in enumerate(binned_caapa_data['RMSE']): 

    plt.text(x, y, f'{y:.4f}', ha='center', va='bottom', color='black') 

for x, y in enumerate(binned_topmed_data['RMSE']): 

    plt.text(x + 0.4, y, f'{y:.4f}', ha='center', va='bottom', color='black') 

plt.tight_layout() 

plt.show() 

Then the following command was used to run the Python script on the terminal: 
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python3 MAFvsRMSE2.py 

b) Imputation quality score (IQS): 

import pandas as pd 

import matplotlib.pyplot as plt 

# Load concordance data for CAAPA from the text file 

caapa_data = pd.read_csv('CAAPA0003.vcf_per_variant_results.txt', sep='\t') 

# Load concordance data for TOPMed from the text file 

topmed_data = pd.read_csv('TOPMed0003.vcf_per_variant_results.txt', sep='\t') 

# Define the MAF bins 

maf_bins = [0.01, 0.05, 0.25, 0.5]  # Customize the MAF bins as needed 

# Bin the data based on WGS MAF values for CAAPA 

caapa_data['MAF_Bin'] = pd.cut(caapa_data['WGS_MAF'], bins=maf_bins) 

# Bin the data based on WGS MAF values for TOPMed 

topmed_data['MAF_Bin'] = pd.cut(topmed_data['WGS_MAF'], bins=maf_bins) 

# Group data by MAF bins and calculate the mean IQS in each bin for CAAPA 

binned_caapa_data = caapa_data.groupby('MAF_Bin')['IQS'].mean().reset_index() 

# Group data by MAF bins and calculate the mean r2 in each bin for TOPMed 

binned_topmed_data = topmed_data.groupby('MAF_Bin')['IQS'].mean().reset_index() 

# Create the bar plot comparing mean r2 between CAAPA and TOPMed 

plt.figure(figsize=(10, 6)) 

plt.bar(range(len(binned_caapa_data)), binned_caapa_data['IQS'], align='center', 

width=0.4, label='CAAPA', color='#FF8A3B') 

plt.bar([x + 0.4 for x in range(len(binned_topmed_data))], 

binned_topmed_data['IQS'], align='center', width=0.4, label='TOPMed', 

color='#2C5E90') 

plt.xticks([x + 0.2 for x in range(len(binned_caapa_data))], 

binned_caapa_data['MAF_Bin'], rotation=45) 

plt.xlabel('Minor allele frequency bins') 

plt.ylabel('Mean IQS') 

plt.title('Mean IQS between Imputed and WGS Genotypes by MAF Bins (CAAPA vs 

TOPMed)') 

plt.legend() 

# Add text annotations for the mean IQS values on the bars 

for x, y in enumerate(binned_caapa_data['IQS']): 

    plt.text(x, y, f'{y:.2f}', ha='center', va='bottom', color='#FF8A3B') 

for x, y in enumerate(binned_topmed_data['IQS']): 

    plt.text(x + 0.4, y, f'{y:.2f}', ha='center', va='bottom', color='#2C5E90') 
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plt.tight_layout() 

plt.show() 

Then the following command was used to run the Python script on the terminal: 

python3 MAFvsIQS.py 

c) Squared correlation (r2): 

import pandas as pd 

import matplotlib.pyplot as plt 

# Load concordance data for CAAPA from the text file 

caapa_data = pd.read_csv('CAAPA0003.vcf_per_variant_results.txt', sep='\t') 

# Load concordance data for TOPMed from the text file 

topmed_data = pd.read_csv('TOPMed0003.vcf_per_variant_results.txt', sep='\t') 

# Define the MAF bins 

maf_bins = [0.01, 0.05, 0.25, 0.5]  # Customize the MAF bins as needed 

# Bin the data based on WGS MAF values for CAAPA 

caapa_data['MAF_Bin'] = pd.cut(caapa_data['WGS_MAF'], bins=maf_bins) 

# Bin the data based on WGS MAF values for TOPMed 

topmed_data['MAF_Bin'] = pd.cut(topmed_data['WGS_MAF'], bins=maf_bins) 

# Group data by MAF bins and calculate the mean r2 in each bin for CAAPA 

binned_caapa_data = caapa_data.groupby('MAF_Bin')['r2'].mean().reset_index() 

# Group data by MAF bins and calculate the mean r2 in each bin for TOPMed 

binned_topmed_data = topmed_data.groupby('MAF_Bin')['r2'].mean().reset_index() 

# Create the bar plot comparing mean r2 between CAAPA and TOPMed 

plt.figure(figsize=(10, 6)) 

plt.bar(range(len(binned_caapa_data)), binned_caapa_data['r2'], align='center', 

width=0.4, label='CAAPA', color='#FF8A3B') 

plt.bar([x + 0.4 for x in range(len(binned_topmed_data))], binned_topmed_data['r2'], 

align='center', width=0.4, label='TOPMed', color='#2C5E90') 

plt.xticks([x + 0.2 for x in range(len(binned_caapa_data))], 

binned_caapa_data['MAF_Bin'], rotation=45) 

plt.xlabel('Minor allele frequency bins') 

plt.ylabel('Mean r2') 

plt.title('Mean r2 between Imputed and WGS Genotypes by MAF Bins (CAAPA vs 

TOPMed)') 

plt.legend() 

# Add text annotations for the mean r2 values on the bars 

for x, y in enumerate(binned_caapa_data['r2']): 

    plt.text(x, y, f'{y:.2f}', ha='center', va='bottom', color='black') 
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for x, y in enumerate(binned_topmed_data['r2']): 

    plt.text(x + 0.4, y, f'{y:.2f}', ha='center', va='bottom', color='black') 

plt.tight_layout() 

plt.show() 

Then the following command was used to run the Python script on the terminal: 

python3 MAFvsr2.py 

3.6.3.3.9 Creating a Venn diagram showing the overlap of SNPs between the WGS 

and imputed datasets 

This was done using the following steps: 

i. Harmonize variant id in TOPMed vcf.gz file to match CAAPA and WGS files: 

bcftools annotate --rename-chrs CHR topmed_sorted.vcf.gz -Oz -o 

corrected_TOPMed.vcf.gz 

bcftools index corrected_TOPMed.vcf.gz 

ii. Annotate the snp Ids in wgs vcf to match snp vcf: 

bcftools annotate --set-id '%CHROM\:%POS\:%REF\:%ALT' 

corrected_TOPMed.vcf.gz -Oz -o TOPMed.vcf.gz 

bcftools index TOPMed.vcf.gz 

iii. Identify Variants common in the three files: 

bcftools isec -n=3 wgs2.final.vcf.gz caapa_sorted.vcf.gz TOPMed.vcf.gz -p 

vcf_comparison3 

wc -l vcf_comparison3/sites.txt 

iv. Identify Variants common between each two of the three files: 

bcftools isec -n=2 caapa_sorted.vcf.gz TOPMed.vcf.gz -p 

vcf_comparison_caapa_vs_topmed 

bcftools isec -n=2 wgs2.final.vcf.gz TOPMed.vcf.gz -p 

vcf_comparison_topmed_vs_wgs && bcftools isec -n=2 wgs2.final.vcf.gz 

caapa_sorted.vcf.gz -p vcf_comparison_caapa_vs_wgs 

• For CAAPA versus WGS: 

wc -l vcf_comparison_caapa_vs_wgs/sites.txt 

• For TOPMed versus WGS: 

wc -l vcf_comparison_topmed_vs_wgs/sites.txt 

• For TOPMed versus CAAPA: 

wc -l vcf_comparison_caapa_vs_topmed/sites.txt 

v. Calculate unique variants in each file by firstly identifying the total number of variants: 

• For WGS: 
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bcftools stats wgs2.final.vcf.gz> WGS_stat.txt 

• For CAAPA: 

bcftools stats caapa_sorted.vcf.gz> CAAPA_stat.txt 

• For TOPMed: 

bcftools stats TOPMed.vcf.gz> TOPMed_stat.txt 

3.6.3.3.10  Calculating the average Non−reference Discordance Rate (NDR) 

To calculate the average NDR across the 17 samples, bcftools stats was used 

following these steps: 

i. For WGS vs TOPMed 

bcftools stats  --samples-file sample_order.txt wgs2.final.vcf.gz TOPMed.vcf.gz > 

TOPMED_WGS-IMP_comp.txt' 

ii. For WGS vs CAAPA 

bcftools stats  --samples-file sample_order.txt wgs2.final.vcf.gz caapa_sorted.vcf.gz 

> CAAPA_WGS-IMP_comp.txt 

iii. Extract the NDR table to CAAPA2_WGS-IMP_comp.txt and 'TOPMED2_WGS-

IMP_comp.txt' 

iv. Visualise the results using the following Python script: 

import pandas as pd 

import seaborn as sns 

import matplotlib.pyplot as plt 

# Load the bcftools stats output for TOPMed into a DataFrame 

topmed_data = pd.read_csv('TOPMED2_WGS-IMP_comp.txt', sep='\t') 

# Load the bcftools stats output for CAAPA into a DataFrame 

caapa_data = pd.read_csv('CAAPA2_WGS-IMP_comp.txt', sep='\t') 

# Extract the NDR columns 

topmed_ndr = topmed_data['non-reference discordance rate'] 

caapa_ndr = caapa_data['non-reference discordance rate'] 

# Create a DataFrame for plotting 

plot_data = pd.DataFrame({'TOPMed': topmed_ndr, 'CAAPA': caapa_ndr}) 

# Create a violin plot with a box plot inside 

plt.figure(figsize=(10, 6)) 

sns.violinplot(data=plot_data, inner='box') 

plt.xlabel('Dataset') 

plt.ylabel('Non-Reference Discordance Rate (NDR)') 
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plt.title('Distribution of Non-Reference Discordance Rate (NDR) between TOPMed 

and CAAPA') 

plt.tight_layout() 

plt.show() 

v. The following command was used to run the Python script on the terminal: 

python3 NDR5.py 

3.7 Concluding remarks and challenges 

In recent years, Sudan has faced significant political unrest, marked by protests 

against the Al-Bashir regime in 2018, a military coup in October 2021, and an ongoing 

conflict between the Sudanese armed forces and the Rapid Support Forces militia in 

Khartoum state as of April 15, 2023. The COVID-19 pandemic and subsequent 

lockdown in 2020 have only added to the complexity of the situation. During our 

sample collection between July 2019 and March 2023, we encountered challenges 

due to the difficult circumstances, which unfortunately prevented us from obtaining the 

necessary sample size for our GWAS study. This was mainly caused by the loss of 

the second batch of samples in the war in Sudan. It is important to note that HIV was 

not tested in this study due to its extremely low rate of only 0.1% in Sudan (286). 
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CHAPTER 4 - Genetic basis of mycetoma susceptibility 

explored through familial studies 

4.1 Overview 

As outlined in the first two chapters, evidence suggests a genetic component for 

mycetoma; however, no studies have been conducted to estimate its size. This 

chapter primarily emphasises 46 carefully curated pedigrees of families with more than 

one case of mycetoma. The familial aggregation study first concentrated on two 

factors, namely the sibling recurrence risk (Ks) and the sibling recurrence risk ratio 

(𝜆𝑠). The former determined the likelihood of a disease recurring in siblings of an 

affected person, while the latter involved dividing the sibling recurrence risk (Ks) by the 

population prevalence of the disease (144). Both estimates were calculated using an 

adaptation of Olson and Cordell's formula described in the methods chapter. Another 

estimate quantified in this study was heritability (h2), which measures the variability in 

an individual's likelihood of developing a disease that can be attributed to their genetic 

makeup (287). This quantity was estimated using three software programs, SOLAR, 

Mendel and ASSOC, implemented in the SAGE software package.  

The second part of this study employed convenience sampling methodology, wherein 

22 individuals hailing from four families (with a minimum of four mycetoma cases) were 

selected for WGS based on the data gathered from the 46 pedigrees mentioned 

earlier.  

The chapter is structured into the following sections: 

• Section one: Summarises the pedigrees’ characteristics and presents the 

calculated estimates.  

• Section two: Reports the WGS data results for each family. 

• Section three: Demonstrates the resulting network and pathway analyses 

based on the WGS data findings. 

• Section four: Emphasises the results' significance and addresses the limitations 

inherent to the familial-based approaches. 

4.2 Familial aggregation analyses 

In 2017, based on several studies reporting mycetoma clustered in families (9,55,56), 

I started an exploratory analysis of the records for 7296 mycetoma patients housed 

within the MRC surveillance database to investigate familial aggregation. This 
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investigation identified 13.5% of patients with a familial history of mycetoma, with this 

figure increasing to 15% for patients diagnosed with M. mycetomatis eumycetoma 

(Mycetoma Research Centre, 2017, unpublished data). Building on these preliminary 

insights, I initially focused on estimating the contribution of host genetics to mycetoma 

susceptibility using familial aggregation. This analysis identifies the clustering of 

diseases within families, laying the foundation for subsequent studies using WGS and 

GWAS (288). 

4.2.1 Pedigrees statistics 

Characteristics of the 46 pedigrees are summarised in Table 4.1. Fifteen per cent of 

individuals whose disease status was recorded had mycetoma (59.6% of males and 

40.4% of females). Thus, the sex ratio of the cases in this study was male to female, 

1.47:1.0, whereas the sex ratio for all individuals was 1.09:1 (male: female). The mean 

(SD) age for males with mycetoma (when the data was collected) was 32.81 (13.14), 

while affected females had a mean age of 32.69 (14.65). Consanguineous marriages 

were found in ten pedigrees with seventeen loops of kin marriages (fifteen between 

first cousins and two between second cousins), leading to the software’s inability to 

define the number of generations for those pedigrees. An example of a loop in one of 

the ten pedigrees is demonstrated in Figure 4.1.  

 

Figure 4.1 One of the ten pedigrees with a loop (highlighted in red) that represents a 

consanguineous marriage. Round symbols indicate female; square, male; diamond, 

unspecified gender; slash through circle or square: dead female or male; blue-filled symbols, 

mycetoma; unfilled symbols, unaffected; question mark within the symbol, unknown affection 

status; the number immediately under the symbol, identity number of an individual within 

pedigree; double lines, consanguinity; arrow, proband. 
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Twenty-four families had data collected over three generations, and twelve over four 

generations. The mean (SD) family size was 22.26 (21.03) individuals, ranging from 9 

to 112 family members. Approximately 32% of individuals in our dataset were founders 

(did not have known ascendants), whilst 68% were non-founders with at least one 

known ascendant. No singletons – i.e., cases whose pedigrees contain only one 

individual – were included in our dataset. 

Table 4.1 Characteristics of members of mycetoma-affected families. 

Characteristic n % 

Sex (n = 1024 individuals)   

Female 488 47.66 

Male 536 52.34 

Mycetoma (n = 1024 individuals)   

Affected 156 15.23 

Unaffected 580 56.64 

Unknown 288 28.12 

Individuals (n = 1024 individuals)   

Founder       325 31.74 

Non-founder        699 68.26 

Singletons 0 0 

Types of affected relative pair (n = 194 affected pairs)   

Full sibling  67 34.54 

Half-sibling  5 2.57 

Parent-offspring  19 9.79 

Avuncular  34 17.53 

Grandparent–grandchild 1 0.52 

Cousin 68 35.05 

Generations in pedigree (n = 46 families)   

Three 24 52.17 

Four 12 26.09 

Undefined (containing loops) 10 21.74 

Avuncular: uncle/aunt to niece/nephew 

Two hundred and ninety-three sibships were recorded, with a mean (SD) size of 2.39 

(2.31), ranging from 1 to 10 siblings, and 67 affected full-sibling pairs. The dataset's 

remaining types of affected relative pairs included 35.05% cousins, 17.53% avuncular 
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pairs (i.e., uncle/aunt to niece/nephew), 9.79% parent–offspring pairs, 2.57% half-

sibling pairs, and 0.52% grandparent–grandchild pairs.  

4.2.2 Sibling recurrence risk 

The sibling recurrence risk (Ks) in this dataset was estimated to have lower and upper 

bounds of 0.16 and 0.25 under single and complete ascertainment, respectively. 

Hence, 16%–25% of siblings of probands were themselves affected, a rate much 

higher than the estimated population risk of 0.87% from a previous study conducted 

in the same endemic area where most of this study pedigrees were collected (57). 

Consequently, the sibling recurrence risk ratio (𝜆𝑠) for mycetoma ranged from 18.4–

28.7 i.e., the risk of a sibling of an affected individual being affected is at least 18 times 

higher than the risk for a member of the general population. 

4.2.3 Heritability 

Heritability (h2) elucidates the degree to which differences in genetic factors contribute 

to the observed variations in disease susceptibility within a given population. The 

heritability of mycetoma was estimated with two commonly used genetic analysis 

packages, SOLAR and Mendel. Additionally, despite being relatively older in software 

development, the ASSOC program within the SAGE software package was utilised 

due to its robust methodology and established reputation for conducting heritability 

estimation in family-based genetic studies. 

Mycetoma heritability estimated by SOLAR was 0.0, with a (nonsensical) standard 

error of 0.0. To verify this result, Mendel software was used and gave a similar result. 

Conversely, the ASSOC program gave a heritability estimation of 0.23 (SE 0.06, p = 

4.14×10-4), i.e., about 23% of mycetoma susceptibility variance is accountable to 

genetic factors. The discrepancy between the utilised programs is most likely due to 

prior assumptions of no consanguinity that render them incapable of capturing specific 

genetic effects, leading to an underestimated or zero heritability estimate. 

4.3 Whole genome sequencing study 

For the next phase of my familial investigation, I enlisted the expertise of BGI 

Genomics to perform WGS on 22 individuals from four families with multiple cases of 

mycetoma. My objective was to determine if rare genetic variants were present in the 

genomes of individuals with mycetoma compared to their healthy family members. 
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After analysing the WGS data, I predicted how the identified single nucleotide variants 

affected protein secondary structure through amino acid substitutions. Additionally, I 

conducted network and pathway analyses using the candidate variants. 

4.3.1 Per family analyses 

The average number of variants detected across the four multicase families was 

4,697,342, including SNPs, InDels, CNVs and SVs. The process for identifying 

candidate variants in each family is outlined in Figure 4.2. In short, I selected variants 

seen in the cases but not in their related controls. These variants were then filtered 

and prioritised based on their MAFs of less than 1%, pathogenicity classification 

(reported and/or predicted), evolutionary conservation scores, and identification in 

publicly available databases and literature data. The resulting candidate variants 

detected in the mycetoma cases are listed in Table 4.8. All candidate SNPs and InDels 

had a total read depth (number of reads that support the variant call) of >20, supporting 

the validity of the identified variants. 

 

Figure 4.2 Whole genome sequencing (WGS) data analysis and variant prioritisation scheme. 

The number of variants after each step represents the average across all four families. 

4.3.1.1 Family 1 

Ten members of this family, spanning two generations, were affected by mycetoma 

(Figure 4.3). Among them were two brothers (001 and 011) and two maternal first 
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cousins (083 and 025), who all had a severe form that resulted in amputation of their 

lower limbs, and a third cousin (002) who had a mild lesion that was surgically 

removed. It is worth noting that due to insufficient public knowledge about mycetoma 

in the past, the grandparents' generation was marked with question marks as they 

may have contracted the infection unknowingly. 

 

Figure 4.3 Family 1 pedigree. Round symbols indicate female; square, male; diamond, 

unspecified gender; slash through circle or square: dead female or male; blue-filled symbols, 

mycetoma; unfilled symbols, unaffected; question mark within a symbol, unknown affection 

status; a  number immediately under a symbol, identity number of an individual within 

pedigree; double lines, consanguinity; arrow, proband. 

The participants enlisted for the WGS investigation comprised the two affected siblings 

(001 and 011), two of their maternal first cousins (002 and 083), and two healthy 

control siblings (213 and 228), as illustrated in Figure 4.4.  

 

Figure 4.4 Family 1 members recruited in the WGS study. The mycetoma cases (highlighted 

in blue) included two brothers, identified as 001 and 011, and two maternal cousins, 002 and 

083. Two healthy brothers are designated as controls and identified as 213 and 228 (shown 

in dark grey)—Y.o., years old. The X mark is for individuals not recruited in the study due to 

death or unavailability. 
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The number of variants after each step of the filtering and prioritisation is summarised 

in Table 4.2. It is worth mentioning that the inclusion of the two cousins in the analysis 

led to a significant reduction in the number of genetic variants to a total of 41,252 

variants after the subsetting step. This was the lowest number among the four families, 

with Family 2 having 391,723 variants, Family 3 had 177,321 variants, and Family 4 

had 198,591 variants.  

Table 4.2 The number of variants after the analysis of Family 1 genomes. 

Family 1 SNPs InDels CNVs SVs 

The average number of variants called in all 

samples 

3,749,568 937,629 4,426 5,719 

Number of variants after subsetting 30240 9829 600 583 

Number of variants after initial filtering 15 9 1 0  

Number of variants after final prioritisation 1 0 1 0 

SNPs: single nucleotide polymorphism; InDels: insertion/deletions; CNVs: copy number variants; SVs: 

structural variants. 

 

Although no variants were detected in all the affected individuals, an analysis revealed 

the presence of two heterozygote variants (CNV and SNP) in the affected siblings (001 

and 011). The first variant was a 7.4-kilobase (-kb) duplication (chr8:6871802-

6879300-DUP) that resulted in transcript amplification of the defensin alpha 3 (DEFA3) 

gene. This gene is a member of the alpha-defensin gene family, encoding human 

neutrophil peptides (HNPs) stored in the azurophilic granules of human neutrophils 

(289). The granules containing HNPs usually undergo limited secretion and are 

typically directed to fuse with phagolysosomes, where high concentrations of HNPs 

can directly kill phagocytosed microbes (290,291). This process involves defensins 

forming hexamers that create pores in the pathogen's cell membrane, resulting in 

permeabilisation and cell death (292,293). Alpha-defensins are well known to exhibit 

CNVs (294). A study conducted by Chen et al. in 2019 found that mice exhibiting high 

copy numbers of defensin alpha 1 (DEFA1) and DEFA3 were more susceptible to 

severe sepsis and had higher mortality rates than those with low copy numbers and 

wild-type mice (295). This functional study followed a previous one in 2010 when the 

same team investigated the relationship between CNVs in the two genes and the 

susceptibility to severe sepsis in the Chinese Han population (296). The study found 
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an increased genomic copy number of DEFA1/DEFA3 was associated with an 

elevated risk of severe sepsis in that population. The (chr8:6871802-6879300-DUP) 

CNV, identified in this study, may have a comparable effect on the immune response 

of the affected sibling.  

The two affected brothers were heterozygote carriers of a missense variant in the 

cystic fibrosis transmembrane conductance regulator (CFTR) gene. The encoded 

protein functions as an anion channel that controls ion and water secretion and 

absorption in the apical plasma membrane of epithelial cells (297). According to the 

GTEx database, CFTR is mainly expressed in the pancreas, colon, minor salivary 

gland, small intestine terminal ileum, lung, and sun-exposed skin (lower leg) (298). 

Thousands of variants in CFTR are linked with cystic fibrosis (OMIM 219700), an 

autosomal recessive disease most commonly found in populations of Northern 

European ancestry (299). The two patients were free of symptoms of cystic fibrosis. 

The clinical significance of the identified loss of function (LOF) variant 

NM_000492.4:c.3485G>A (p.Arg1162Gln) according to ACMG criteria in Varsome 

(last accessed: 22nd  May 2023) was likely pathogenic (detailed criteria in Table 4.8). 

The variant was predicted to be pathogenic by eighteen in silico pathogenicity engines, 

including SIFT, MutPred, FATHMM-MKL, FATHMM-XF, LIST-S2, M-CAP, MVP, 

DEOGEN2, and EIGEN PC. The variant had a very low allele frequency in the 

gnomAD genomes version 2.1.1 database of 0.0002004 (last accessed: 8th October 

2023) in the African/African American dataset (300). 

For the two other patients, the affected cousin 002 had a homozygous missense 

variant in the pleckstrin homology domain-containing family O member 2 (PLEKHO2) 

gene, the same candidate variant identified in Family 3. The affected siblings who 

shared the same variant in Family 3 (152 and 167) were her paternal first cousins. The 

pedigree diagram in Figure 4.5 shows how 002 connects Family 1 and Family 3. In 

contrast, I did not identify any candidate variant in the other cousin (083).  
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Figure 4.5  A pedigree demonstrating how the affected cousin 002 connects Family 1 and 

Family 3. Round symbols indicate female; square, male; diamond, unspecified gender; slash 

through circle or square: dead female or male; blue-filled symbols, mycetoma; unfilled 

symbols, unaffected; question mark within a symbol, unknown affection status; a  number 

immediately under a symbol, identity number of an individual within pedigree; double lines, 

consanguinity; a number within a symbol, number of offspring; arrow, proband. 

4.3.1.2 Family 2 

The second family reported eleven confirmed cases and one suspected case of 

mycetoma. The recruited cases included two half-siblings and their maternal cousin. 

In the control group were the siblings' sister, one of their mothers, and the affected 

cousin's parents (Figure 4.6).   

 

Figure 4.6 Members of Family 2 recruited in the WGS study. The mycetoma cases (highlighted 

in blue) included two half-brothers, identified as 175 and 040, and one maternal cousin, 090. 

One healthy sister (236), mother of the half-brother (041) and parents of the cousin (091 and 

092) are designated as controls (shown in dark grey)—Y.o., years old. The X mark is for 

individuals not recruited in the study due to death or unavailability. 
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The steps taken to prioritise the candidate variant are shown in Table 4.3. This family 

had the highest number of variants after the subsetting step (391,723 variants). 

However, the subsequent filtering and prioritisation drastically reduced the number 

into two candidate variants, one InDel identified in all affected individuals and one SV 

identified in the affected cousin. The InDel variant was a frameshift deletion that spans 

from 77 bp upstream to 35 bp downstream of the start codon, leading to the loss of 

the start codon (start loss variant) in the caspase 8 (CASP8) gene. This gene encodes 

one of the cysteine proteases (caspases) that plays several roles, including initiation 

and execution of extrinsic apoptosis and suppression of a form of programmed 

necrosis known as necroptosis (301). The top five tissues where CASP8 is expressed 

according to GTEx are cultured fibroblasts, adrenal gland, adipose subcutaneous, 

breast mammary tissue and small intestine terminal ileum. Mutations in CASP8 can 

contribute to the development of caspase 8 deficiency (OMIM 607271), which is an 

autoimmune lymphoproliferative syndrome (ALPS)-related disorder (302). Patients 

suffering from this disorder are susceptible to infections due to impaired T-, B- and 

NK-cell activation, defective FAS-induced apoptosis, lymphadenopathy and 

splenomegaly (302,303). 

Table 4.3 The number of variants after the analysis of Family 2 genomes. 

Family 2 SNPs InDels CNVs SVs 

The average number of variants called in all 

samples 

3,749,568 937,629 4,426 5,719 

Number of variants after subsetting 271171 118867 13 1672 

Number of variants after initial filtering 17 10 0 3 

Number of variants after final prioritisation 0 1 - 1 

SNPs: single nucleotide polymorphism; InDels: insertion/deletions; CNVs: copy number variants; SVs: 

structural variants. 

The identified LOF variant (NM_001080125.2:c.-77_35del) was classified as likely 

pathogenic by Varsome (last accessed: 27th May 2023) according to the ACMG 

variant classification criteria (Table 4.8). GnomAD allele frequency for this variant was 

not available due to the failure of the reference dataset to pass quality control. The 

variant was homozygous in 175 and heterozygous in his half-sibling 040 and cousin 
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090. An Identity by Descent (IBD) analysis was conducted on the three affected 

individuals to confirm if the candidate variant came from a common ancestor. The 

results in Table 4.4 showed that the half-siblings (040 and 175) shared both alleles 

(fully identical) at approximately 73% of the variants on the region where the candidate 

variant is located, with a Z2 value of 0.73, higher than the expected Z2 value of 0.5 for 

half-siblings (304). This suggests a recent shared ancestry. Additionally, they had a 

high PI-HAT value of 0.86, compared to the expected value of 0.25 for second-degree 

relatives, indicating a strong genetic resemblance. The PI-HAT value for first cousins 

is typically around 0.125; however, it was 0.5 in this family, indicating that the affected 

half-siblings share approximately 50% of variants on the analysed region with 090. 

Table 4.4 Proportion of loci shares to be zero alleles (Z0), one allele (Z1), or two alleles (Z=2) 

and PI_HAT values between affected individual pairs of Family 2. 

Individual ID1 Individual ID2 Z0 Z1 Z2 PI_HAT 

M040 M175 0 0.27 0.73 0.86 

M040 M090 0 1 0 0.5 

M175 M090 0 1 0 0.5 

 

According to the heatmap in Figure 4.7, the half-siblings 175 and 040 had a more 

significant percentage of shared alleles with two alleles (Z2=0.73) compared to those 

with only one shared allele (Z1=0.27). The first cousin's Z1 value is also noteworthy, 

considerably higher than the anticipated value for third-degree relatives (Z1=0.25). 

Moreover, there were no loci with zero allele share. These results signify that the 

related cases shared the variant due to a recent common ancestor.  

 

Figure 4.7 Proportion of loci shares to be zero alleles (Z0), one allele (Z1), or two alleles 

(Z = 2) between the half-siblings (175 and 040) and their maternal cousin (090) in Family 2. 
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Sanger sequencing confirmed the variant’s zygosity in 090 and its absence in the 

controls 041, 091 and 236 (Figure 4.8). Both 040 and 175 Sanger chromatograms 

had high noise to validate the WGS candidate variant; however, the WGS variant had 

a total read depth of >20 in the half-siblings VCF files, supporting its validity. No protein 

secondary structure change was predicted for this variant since the utilised software 

only makes predictions for single nucleotide changes. 

 

Figure 4.8 Family 2 pedigree and Sanger sequencing results. Round symbols indicate female; 

square, male; diamond, unspecified gender; slash through circle or square: dead female or 

male; blue-filled symbols, mycetoma; unfilled symbols, unaffected; question mark within 

symbol, unknown affection status; number immediately under the symbol, identity number of 

an individual within pedigree; double lines, consanguinity; black arrow, proband, green arrow; 

control genotype, red arrow; case genotype. Hom: Homozygous; Het: Heterozygous. 

Further analysis of the genomes of the affected cousin 090 against his parents 

revealed a de novo structural variant (Chr12-27280789-27792522-DEL) resulting from 

a 511 kb deletion in chromosome 12p11.23 region. Based on Ensembl's VEP tool, the 

identified SV has a significant impact on four coding genes: aryl hydrocarbon receptor 

nuclear translocator-like 2 (ARNTL2), PTPRF interacting protein, binding protein 1 

(PPFIBP1), single-pass membrane protein with coiled-coil domains 2 (SMCO2), and 

serine/threonine kinase 38 like (STK38L). The variation results in transcript ablation of 
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ARNTL2, SMCO2, and STK38L, as well as deletion from the start of the transcript to 

intron 2 of the PPFIBP1 gene. This LOF variant had a 0.00009228 global allele 

frequency in gnomAD SVs version 2.1 with zero allele frequency in the African/African 

American dataset (305). Two of the four affected genes are known to play a role in 

immunity. The first one, ARNTL2, encodes a transcriptional activator which forms a 

core component of the circadian clock and suppresses the expression of IL-21 via 

binding to its promoter in non-obese diabetic (NOD) mice (306). The second gene, 

STK38L, also known as NDR2, encodes a protein that its activation is identified as a 

critical step in initiating T-cell receptor (TCR)-mediated activation of lymphocyte 

function-associated antigen-1 (LFA-1), an integrin molecule found on the surface of T-

cells, and its activation plays a crucial role in T-cell adhesion and interaction with 

antigen-presenting cells (306). NDR2 was also found to regulate the TLR9-mediated 

innate immune response in murine macrophages (307). TLR9 is known for its 

recognition of DNA rich in unmethylated CpG motifs, and it is activated in response to 

fungal DNA, among other microbial DNA (308). 

4.3.1.3 Family 3 

This highly consanguineous family had four affected individuals, as shown in the family 

pedigree in Figure 4.11. For the WGS study, the cases included two affected brothers 

(152 and 167) and their double first cousin (the spouse of 152), while the controls were 

the affected siblings’ mother and one of their healthy brothers (Figure 4.9). After the 

initial filtering step, this family had the highest number of variants, with 31 variants 

(Table 4.5). 
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Figure 4.9 Members of Family 3 recruited in the WGS study. The mycetoma cases (highlighted 

in blue) include two brothers, identified as 152 and 167, and one maternal cousin, 153. One 

healthy brother (296) and the siblings’ mother (159) are designated as controls (shown in dark 

grey)—Y.o., years old. The X mark is for individuals not recruited in the study due to death or 

unavailability. 

Table 4.5 The number of variants after the analysis of Family 3 genomes. 

Family 3 SNPs InDels CNVs SVs 

The average number of variants called in all 

samples 

3,749,568 937,629 4,426 5,719 

Number of variants after subsetting 136629 40395 154 143 

Number of variants after initial filtering 11 9 4 7 

Number of variants after final prioritisation 1 0 0 0 

SNPs: single nucleotide polymorphism; InDels: insertion/deletions; CNVs: copy number variants; SVs: 

structural variants. 

The prioritised candidate variant found in the genomes of the two affected brothers 

was a homozygous missense variant in the PLEKHO2 gene. This gene is mainly 

expressed in the spleen, whole blood, Epstein-Barr virus (EBV)-transformed 

lymphocytes, lung, cultured fibroblasts and adipose subcutaneous, according to GTEx 

(309). The full extent of PLEKHO2 roles and mechanisms of action are still being 

elucidated, but this protein has been implicated in promoting macrophage survival, 
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differentiation, and maturation in mice (310). The identified variant 

NM_025201.5:c.379G>A (p.Asp127Asn) was predicted pathogenic by DANN, EIGEN 

PC, FATHMM-MKL, LRT and SIFT4G pathogenicity engines within Varsome platform 

(last accessed: 22nd May 2023). The variant was not present in gnomAD genomes 

but had a very low allele frequency of 0.0000358 in gnomAD exomes (last accessed: 

8th October 2023). Notably, no homozygous individuals for the variant were previously 

reported in gnomAD exomes, nor was the variant found in the African/African 

American dataset (311). This variant was homozygous in the two affected brothers 

(152 and 167) and their paternal first cousin 002, while their mother and healthy 

brother were only carriers. The IBD analysis included the former three affected 

individuals (Table 4.6). The expected Z2 for full siblings is 0.25, while it should be zero 

for third-degree relatives such as first cousins. However, in this highly consanguineous 

family, both Z2 and PI-HAT values were above 0.9, indicating that the affected 

individuals share a very high proportion (over 90%) of their alleles, and these alleles 

are identical by descent in that particular region on chromosome 15 where the 

identified candidate is located. 

Table 4.6 Proportion of loci shares to be zero alleles (Z0), one allele (Z1), or two alleles 

(Z=2) and PI_HAT values between affected individual pairs of Family 2. 

Individual ID1 Individual ID2 Z0 Z1 Z2 PI_HAT 

M152 M167 0 0.09 0.91 0.96 

M152 M002 0 0.02 0.98 0.99 

M167 M002 0 0.08 0.92 0.96 

 

According to the heatmap in Figure 4.10, the affected individual 152 and his cousin 

002 had a substantially high percentage of shared alleles with two alleles (Z2=0.98) 

compared to the sibling pair with a Z2 of 0.91. The single shared allele values (Z1) for 

all three individual pairs were almost negligible when compared to the expected values 

for full siblings (Z1=0.5) and third-degree relatives (Z1=0.25). These high Z2 and PI-

HAT values of the analysed region on chromosome 15 suggest a very close genetic 

relationship and shared ancestry within that region. 
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Figure 4.10 Proportion of loci shares to be zero alleles (Z0), one allele (Z1), or two alleles 

(Z = 2)  between the affected siblings in Family 3 and their paternal cousin. 

Sanger sequencing confirmed the presence of this variant in Family 3 members and 

their paternal cousin 002 (Figure 4.11). The confirmation of variant presence and 

zygosity for the affected cousin (153) could not be established as a sample for Sanger 

sequencing could not be obtained.   

 

Figure 4.11 Family 3 pedigree with patient 002 and their Sanger sequencing results. Round 

symbols indicate female; square, male; diamond, unspecified gender; slash through circle or 

square: dead female or male; blue-filled symbols, mycetoma; unfilled symbols, unaffected; 

question mark within symbol, unknown affection status; number immediately under the 

symbol, identity number of an individual within pedigree; double lines, consanguinity; black 

arrow, proband, green arrow; control genotype, red arrow; case genotype. Hom: Homozygous; 

Het: Heterozygous. 
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The effect of the amino acid substitution due to the candidate variant (p.Asp127Asn) 

on the PLEKHO2 protein secondary structure is demonstrated in Figure 4.12. This 

substitution was predicted to be stabilising with ΔΔG of 0.159 kcal/mol accompanied 

by a decrease of molecule flexibility (ΔΔSVib: -0.049 kcal.mol-1.K-1). These changes 

are due to additional interatomic interactions formed by the asparagine residue in the 

mutant protein, as shown in Figure 4.12C. This mutation introduces an extra steric 

clash (results when two non-bonded atoms overlap due to proximity) with valine 

(Val129) residue. 

 

Figure 4.12 Alterations in PLEKHO2 stability upon Asp127Asn mutation. (A) Visual 

representation of the chain in which the mutation occurs based on the vibrational entropy 

difference (∆∆S) between wild-type and mutant structures of PLEKHO2. Amino acids are 

coloured according to ∆∆S, where blue represents a rigidification of the structure and red 

represents a gain in flexibility. (B) Interatomic interactions for wild-type PLEKHO2. (C) 

Interatomic interactions for mutant PLEKHO2. Both wild-type and mutant residues are 

coloured in light green and illustrated as sticks. A scale of colour definition for the interaction 

is provided by DynaMut software: red for hydrogen bonds; blue for halogen bonds; yellow for 

ionic interactions; purple for metal complex interactions; sky blue for aromatic contacts; green 

for hydrophobic contacts; pink for carbonyl contacts. 
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4.3.1.4 Family 4 

The last family recruited in the WGS study had four siblings with mycetoma. The 

participants in the WGS were two affected siblings, their father and one unaffected 

sister (Figure 4.13). This family WGS data analysis (Table 4.7) revealed a 

heterozygous missense variant in the rap guanine nucleotide exchange factor 2 

(RAPGEF2) gene. This gene is expressed predominantly in EBV-transformed 

lymphocytes, minor salivary glands, thyroid, cultured fibroblasts, and adipose 

subcutaneous, according to the  GTEx database. The encoded protein acts as a 

guanine nucleotide exchange factor (GEF) for a group of proteins called Rap GTPases 

(312–315). RAPGEF2 (also termed RA-GEF-1) helps activate Rap proteins by 

promoting the exchange of guanosine diphosphate (GDP) for guanosine triphosphate 

(GTP) (316). This activation of Rap proteins then triggers various downstream 

intracellular signalling events. 

 

Figure 4.13 Members of Family 4 recruited in the WGS study. The mycetoma cases 

(highlighted in blue) include two siblings, identified as 120 and 121. One healthy sister (282) 

and the siblings’ father (278) are designated as controls (shown in dark grey)—Y.o., years old. 

The X mark is for individuals not recruited in the study due to death or unavailability. 

The identified missense variant NM_014247.3: c.700A>G (p.Ile234Val) was predicted 

pathogenic by seven engines, which were FATHMM-MKL, LRT, Mutation assessor, 
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EIGEN, EIGEN PC, LIST-S2, PrimateAI included in Varsome platform (last accessed: 

21st May 2023). The identified variant was not found in gnomAD genomes and had a 

very low allele frequency of 0.00001606 in gnomAD exomes with no presence in the 

African/African American dataset (last accessed: 8th October 2023) (317). The variant 

was validated in the cases’ DNA using Sanger sequencing, as demonstrated in Figure 

4.14. The results obtained from Sanger sequencing analysis indicated that the 

heterozygous missense variant identified in the affected sibling is also present in the 

unaffected sister. This finding raises concerns about the potential risk of infection for 

the unaffected 30-year-old sister This is due to the fact that individuals between the 

ages of 20 and 40 are most vulnerable to the disease (70) in addition to the high sibling 

recurrence risk ratio (𝜆𝑠) for mycetoma found in the pedigrees data.  

Table 4.7 The number of variants after the analysis of Family 4 genomes. 

Family 4 SNPs InDels CNVs SVs 

The average number of variants called in all 

samples 

3,749,568 937,629 4,426 5,719 

Number of variants after subsetting 160141 37777 259 414 

Number of variants after initial filtering 18 8 2 0 

Number of variants after final prioritisation 1 0 1 - 
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Figure 4.14 Family 4 pedigree and Sanger sequencing results. Round symbols indicate 

female; square, male; diamond, unspecified gender; slash through circle or square: dead 

female or male; blue-filled symbols, mycetoma; unfilled symbols, unaffected; question mark 

within symbol, unknown affection status; number immediately under the symbol, identity 

number of an individual within pedigree; double lines, consanguinity; black arrow, proband, 

green arrow; control genotype, red arrow; case genotype. Hom: Homozygous; Het: 

Heterozygous. 

The variant (p.Ile234Val) had a destabilising effect (ΔΔG: -0.347 kcal/mol) on the 

RAPGEF2 secondary structure with an increase of molecule flexibility (ΔΔSVib: 0.250 

kcal.mol-1.K-1). The change in interatomic interactions in the residues’ environment is 

displayed in Figure 4.15. A steric clash with Asp231 is predicted in the mutant 

RAPGEF2 with a loss of hydrophobic contacts with Val230 and ARG243 residues. 
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Figure 4.15 Alterations in RAPGEF2 stability upon Ile234Val mutation. (A) Visual 

representation of the chain where the mutation occurs based on the vibrational entropy 

difference (∆∆S) between wild-type and mutant structures of RAPGEF2. Amino acids are 

coloured according to ∆∆S, where blue represents a rigidification of the structure and red 

represents a gain in flexibility. (B) Interatomic interactions for wild-type RAPGEF2. (C) 

Interatomic interactions for mutant RAPGEF2. Both wild-type and mutant residues are 

coloured in light green and illustrated as sticks. A scale of colour definition for the interaction 

is provided by DynaMut software: red for hydrogen bonds; blue for halogen bonds; yellow for 

ionic interactions; purple for metal complex interactions; sky blue for aromatic contacts; green 

for hydrophobic contacts; pink for carbonyl contact.
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Table 4.8 Whole genome sequencing variants classification. 

FID 
Case 

ID 
Gender Gene (Transcript) Variant 

Coding 

impact 
Zygosity MAF 

ACMG 

classification 

ACMG  

criteria 

Mode of 

Inheritance 

(gene) 

Pathogenicity 

computational 

verdict 

Read 

depth 

(DP) 

1 

 

001 M 

DEFA3 

(NM_005217.4) 
Duplication 

Transcript 

amplification 
Het NA 

Variant of uncertain 

significance 
NA 

AD/AR 
NA NA 

CFTR 

(NM_000492.4) 

c.3485G>A 

(p.Arg1162Gln) 
Missense Het 0.0002004 Likely Pathogenic 

PM2, PP1 

& PP3 

AD/AR Pathogenic by 

18 engines 
43 

011 M 

DEFA3 

(NM_005217.4) 

7.5kb 

duplication 

Transcript 

amplification 
Het NA 

Variant of uncertain 

significance 
NA 

AD/AR 
NA NA 

CFTR 

(NM_000492.4) 

c.3485G>A 

(p.Arg1162Gln) 
Missense Het 0.0002004 Likely Pathogenic 

PM2, PP1 

& PP3 

AD/AR Pathogenic by 

18 engines 
49 

002 F 
PLEKHO2 

(NM_025201.5) 

c.379G>A 

(p.Asp127Asn) 
Missense Hom Not Found 

No previous 

association with a 

monogenic disease 

NA AR 
Pathogenic by 

five engines 
24 

2 

175 M 
CASP8 

(NM_001080125.2) 
c.-77_35del Start loss Hom NA Likely Pathogenic 

PVS1 & 

PP1 
AR NA 45 

040 M 
CASP8 

(NM_001080125.2) 
c.-77_35del Start loss Het NA Likely Pathogenic 

PVS1 & 

PP1 
AR NA 27 

090 M 

CASP8 

(NM_001080125.2) 
c.-77_35del Start loss Het NA Likely Pathogenic 

PVS1 & 

PP1 
AR NA 57 

ARNTL2 

(NM_001248002.2)

, PPFIBP1 

511kb deletion 
Transcript 

ablation 
NA 0.00 

Variant of uncertain 

significance 
NA AD/AR NA NA 
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(NM_001198915.2)

, SMCO2 

(NM_001145010.1)

, STK38L 

(NM_015000.4) 

3 

 

152 M 
PLEKHO2 

(NM_025201.5) 

c.379G>A 

(p.Asp127Asn) 
Missense Hom Not Found 

No previous 

association with a 

monogenic disease 

NA AR* 
Pathogenic by 

five engines 
30 

167 M 
PLEKHO2 

(NM_025201.5) 

c.379G>A 

(p.Asp127Asn) 
Missense Hom Not Found 

No previous 

association with a 

monogenic disease 

NA AR* 
Pathogenic by 

five engines 
47 

4 

120 M 
RAPGEF2 

(NM_014247.3) 

c.700A>G 

(p.Ile234Val) 
Missense Het Not Found 

No previous 

association with a 

monogenic disease 

NA AD* 
Pathogenic by 

seven engines 
39 

121 F 
RAPGEF2 

(NM_014247.3) 

c.700A>G 

(p.Ile234Val) 
Missense Het Not Found 

No previous 

association with a 

monogenic disease 

NA AD* 
Pathogenic by 

seven engines 
39 

FID: Family ID; Hom: Homozygous; Het: Heterozygous MAF; minor allele frequency in African/African American according to gnomAD genomes browser; NA: not applicable; AD: 

autosomal dominant; AR: autosomal recessive; * predicted by DOMINO; PM2: gnomAD genomes homozygous allele count = 0; PP1: Co-segregation with the disease in multiple affected 

family members in a gene definitively known to cause the disease;  PP3: Multiple lines of computational evidence support a deleterious effect on the gene or gene product (conservation, 

evolutionary, splicing impact, etc.); PVS1: Null variant (start loss) in gene CASP8 (this gene has 14 reported pathogenic LOF variants); Read depth (DP): number of reads that support 

the variant call.
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4.3.2 Collective analyses of the whole genome sequencing data 

The four families’ candidate genes (DEFA3, CASP8, PLEKHO2 and RAPGEF2) were 

used to perform network and pathway analyses, as described in the following two 

sections. The SV candidate identified in 090 was omitted because it was found in one 

individual. These collective analyses were conducted to explore the functional and 

contextual aspects of candidate genes within the broader biological landscape. 

4.3.2.1 Network analysis 

Network analysis revealed the interaction between the families’ candidate genes and 

other predicted genes potentially contributing to mycetoma pathogenesis. Figure 4.16 

illustrates the biological interactions of these candidate genes, with physical interaction 

links comprising the most significant proportion (77.6%). Co-expression (8%), co-

localisation (3.6%), genetic interactions (2.87%), pathway (1.88%), and shared protein 

domains (0.6%) were also observed. I excluded the predicted interactions comprising 

5.4% of the network interactions to focus solely on the other experimentally confirmed 

ones. The size of the candidate genes' circles reflects their importance in the network 

and their potential role in susceptibility to mycetoma. 

 

Figure 4.16 Gene network analysis of the four identified candidate genes. The candidate 

genes are coloured in red, and the predicted genes are coloured in grey. The underlying 

molecular links were attributed to the co-expression associations, co-localization, genetic 

interactions, pathway links, physical interactions, and shared protein domains. 
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Centiscape identified CASP8 and its cluster of genes as critical network regulators, 

according to Table 4.9. This finding could have significant implications for future 

research on the role CASP8 may play in mycetoma pathogenesis. 

Table 4.9 Centiscape node centralities. Top five genes ordered by degree centrality. 

Gene name Degree Betweenness 

CASP8  37 44.9 

FAS 35 10.3 

CFLAR 34 93.7 

FADD 33 10.2 

TRADD 29 1.3 

 

4.3.2.2 Pathway analysis 

Pathway analysis was done to determine the biological pathways in which the 

mycetoma susceptibility genes belong and to understand the functional relevance of 

the genes in the respective pathways. The most significantly enriched pathways by 

the overrepresentation analysis were the innate immune system (p = 5.06E-04) and 

immune system (p = 0.006). The findings demonstrate that CASP8 was identified in 

the top three overrepresented pathways, whereas PLEKHO2 and DEFA3 were 

implicated in immune-related pathways, as delineated in Table 4.10. 

Table 4.10 Top enriched pathways by overrepresentation analysis in Reactome. 

Pathway name Submitted entities found Entities p-value Entities FDR 

Innate Immune System CASP8; PLEKHO2;DEFA3 5.06E-04* 0.01** 

Immune System  CASP8; PLEKHO2;DEFA3 0.006* 0.02** 

Signal Transduction CASP8; RAPGEF2 0.07 0.07 

FDR: false discovery rate; *p≤0.05; **FDR<0.05 

 

An illustrative Voronoi diagram termed Reacfoam was constructed based on the 

pathway enrichment analysis (Figure 4.17). This diagram showed the top enriched 

pathways containing the candidate genes found in the four families. 
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Figure 4.17 The Reacfoam diagram displaying the top enriched pathways of the immune 

system, including the innate immune system, influenced by the four candidate genes. The 

yellow colour code denotes the overrepresentation of the pathways according to the input 

candidate genes. Light grey signifies pathways which are not significantly overrepresented. 

4.4 Discussion 

Nearly all consanguineous marriages in this dataset were between first cousins (88%). 

Sudan is among the top nine countries with a high consanguinity rate of 40-49% (119).  

Across successive generations, the Sudanese population’s consanguinity rate has 

remained consistently above 40%, indicating its deep-rooted presence (120,121). 

Most of the enrolled participants in this study come from poor rural communities where 

consanguineous marriages are prevalent. Consanguinity is a significant risk factor for 

human susceptibility to infectious diseases (125). Furthermore, research conducted in 

Sudan has revealed a strong association between consanguinity and genetic 

disorders, particularly those that exhibit autosomal recessive inheritance patterns 

(126–129,132). 
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A crucial area for improvement in utilising the three heritability estimation software 

programs, initially developed in high-income countries, is the inability to deal with the 

intricate pedigree structures commonly observed within our Sudanese 

consanguineous community. The primary challenge lies in the fact that these software 

programs were designed with an assumption of non-consanguinity, implying that the 

input pedigrees they handle are expected to be free of any loop structures. In other 

words, these programs are optimised to work within pedigrees that follow a more 

traditional family tree structure without any instances of intermarriage between close 

relatives. Consequently, due to consanguinity, these software programs may have 

encountered difficulties accurately estimating heritability when exposed to pedigrees 

containing loops. Adding to this limitation is that mycetoma, the trait under 

investigation in this study, is a binary trait, differing from the continuous traits for which 

these programs were originally developed. This divergence in trait type adds another 

layer of complexity to the heritability estimation process, as these programs are 

inherently more tailored to continuous trait analysis. Notably, the ASSOC program 

within the SAGE software package emerged as the most effective tool for estimating 

heritability within these complex pedigrees, generating results that were compatible 

with the increased risks observed in siblings of affected individuals. 

Adopting familial aggregation approaches in genetic studies presents several 

limitations that warrant consideration. One primary constraint lies in the specificity of 

the obtained estimates within the studied population that renders extrapolation to other 

diverse populations or ethnic groups. Furthermore, the genetic analysis of pedigree 

data, which is fundamental to calculating these estimates, introduces challenges. This 

process necessitates accurate measurement of phenotypes, appropriate covariates, 

and constructing a kinship matrix. Traditionally, this matrix is crafted from meticulously 

assembled pedigrees that connect individuals with reported genealogical 

relationships. However, reliance on self-reported genealogy can lead to inaccuracies 

in relationship specification. Such errors might emerge due to factors like recording 

mistakes and variations in the cultural interpretation of biological kinship connections 

(e.g., it is common in the targeted communities in this study to call their cousins 

brothers). Moreover, the situation can be worsened when a collection of pedigrees is 

sourced from a common geographical region, potentially concealing hidden kinship 

ties between pedigrees that appear distinct (I had to merge several pedigrees in the 
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dataset after discovering distinct relatedness). The potential pedigree information 

errors were absent because at least two family members were usually present during 

the data collection process. This is because mycetoma patients are usually 

accompanied by another family member when visiting the MRC clinic. Additionally, 

during field visits to endemic areas, the patients could have the entire family coming 

for their support, as demonstrated in Figure 4.18, taken during a field mission to 

Sennar state. 

 

Figure 4.18 Pedigree information collection from a mycetoma patient accompanied by her 

family. 

The second part of this familial approach focused on families with a concentration of 

cases to bridge the gap between rare Mendelian disorders, often associated with 

consanguinity and complex disorders such as mycetoma. The average number of 

variants across the four families’ genomes was ~4.6 million, consistent with the out-

of-Africa model of human origin, with Africans having the highest number of variant 

sites per genome (~5 million variants) when compared to individuals of East Asian, 

European, or South Asian ancestry (~4.0–4.2 million variants) (318,319). The 

identified candidate variants across the four families varied in types, coding impact 
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and zygosity. However, network analysis showed how the underlying genes were 

biologically connected and which genes can have potential functional significance 

based on their centrality in the network. According to the pathway analysis results, the 

innate immune system pathway was the most significantly enriched (p = 5.06E-04). 

This aligns with the conclusions of the inaugural study on the genetic susceptibility to 

mycetoma conducted in 2007 by van de Sande and colleagues, which indicated that 

the initial response to mycetoma is facilitated by neutrophils (64). Several genes were 

identified as central, including CASP8 and its closely associated genes involved in the 

extrinsic/death receptor pathway. Among the candidate genes, CASP8 was the only 

one present in the top three overrepresented pathways: innate immune system, 

immune system, and signal transduction. It is known that caspase 8 is involved in 

regulating the signalling pathways of inflammasomes, which are multiprotein 

complexes that recognise and initiate inflammatory responses against pathogens as 

an essential part of innate immunity (320,321). Inflammasomes also play an important 

role in cytokine production, including IL-1β, either by activating caspase-1 or through 

a noncanonical caspase 8-dependent pathway associated with antifungal response 

(322). A study on inflammasome activation in mouse dendritic cells found that caspase 

8 cleaves pro-IL-1β into its active form in response to β-glucans found in the cell walls 

of Candida albicans (323). IL-1β is an important pro-inflammatory cytokine linked to 

eumycetoma pathogenesis (33,324). This cytokine recruits neutrophils, promotes cell 

adhesion, and activates Th17 cells (325). The binding of IL-1β to its receptor leads to 

the activation of Nuclear factor kappa B (NF-κB) and subsequent expression of pro-

inflammatory cytokines such as TNFα, CCL5 and IL-8, which acts as a 

chemoattractant for neutrophils (213,326–328). Polymorphisms in CCL5 and IL-8 

have previously been associated with susceptibility to mycetoma (32,64). As such, 

further research is necessary to investigate the role of this pathway that includes 

inflammasomes, IL-1β, CCL5 and IL-8 in defence against mycetoma pathogens and 

whether the non-canonical caspase 8-dependent inflammasome system is activated 

in eumycetoma, as shown in species of Candida. 

It should be noted that this WGS study had several limitations worth considering. First, 

while Mendelian disorders result from mutations in single genes and are relatively rare 

in the general population, concentrated family studies may reveal substantial genetic 

contributions within specific families, akin to Mendelian inheritance. However, these 
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mutations might not be as relevant to the outbred population where complex disorders 

prevail. Studying these rare mutations can provide insights into the disorder’s 

biological mechanisms. Linkage disequilibrium (LD) mapping would complement such 

investigations by identifying common genetic variants associated with complex 

disorders in the broader population, thus connecting familial and population-level 

genetics. Second, functional studies are required to assess the pathogenicity of the 

identified candidate variants and determine the molecular basis of the disease. Third, 

several raw data files such as BAM and VCF files were required to validate the read 

depth of the CNV identified in Family 1 and the SV identified in 090 from Family 2. 

However, these files are stored at the IEND server and cannot be accessed due to the 

ongoing war; therefore, the variants’ read depth was marked as NA. Lastly, despite 

the vital relevance of the identified CNV variant in Family 1, a contradictory study 

conducted on the α-defensin locus in 2504 samples from the 1000 Genomes (1KG) 

dataset reported that the African super-population differs substantially from the other 

super-populations (329). Approximately a third of African samples had genotypes with 

no DEFA3 copies, while the samples with the highest DEFA3 copy numbers were also 

African. All seven 1KG African populations had individuals with high DEFA3 copy 

numbers; however, none were East African. Thus, a functional investigation on the 

validity and impact of this variant in Family 1 is crucial. Furthermore, affirmative 

quantitative polymerase chain reaction (qPCR) analysis is crucial since this genetic 

variation is often overlooked due to the technical challenge of accurate copy number 

measurement. 

In conclusion, this family-based study is the first to be conducted on mycetoma. With 

a sibling recurrence risk calculated at ~16% and a heritability of ~23% for mycetoma, 

these findings provide additional evidence of the size of genetic factors contributing to 

mycetoma development. Furthermore, I identified four candidate genes in the four 

multicase families primarily involved in the innate immune system and signal 

transduction pathways. These results could be a foundational framework for further 

research into the underlying biological mechanisms contributing to mycetoma 

susceptibility. The familial aggregation study highlights the importance of employing 

specialised methodologies and tailored software solutions to accommodate 

consanguineous populations' genetic complexities. While this study contributes 

insights into mycetoma susceptibility within our Sudanese context, its implications 
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extend beyond geographic boundaries. It requires further comprehensive 

investigations into familial aggregation and susceptibility in other regions endemic with 

mycetoma to validate the findings and expand the scope to diverse populations to 

unveil variations in genetic susceptibilities across different genetic backgrounds and 

environmental factors. 
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CHAPTER 5 - Unravelling the genetic landscape of 

mycetoma susceptibility through population-based 

genome-wide association studies 

5.1 Overview 

In this chapter, which is complementary to chapter four, I explore how genome-wide 

association studies (GWAS) can be utilised to identify common variants associated 

with mycetoma in addition to estimating the inbreeding in this dataset using the FROH 

inbreeding coefficient and SNP heritability. This population-based study aimed to 

explore the role of common variants with small effects and shed light on the intricate 

genetic landscape underlying susceptibility to mycetoma.  

The chapter is divided into three sections: 

● Section one: Summarises the study participants’ characteristics. 

● Section two: Demonstrates the resulting dataset after quality control.  

● Section three: Details the GWAS data analyses performed. 

5.2 Characteristics of the study participants 

The data analysis included 474 subjects (309 cases and 165 controls). This was under 

the planned sample size due to the loss of the second batch of samples in the war in 

Sudan. Table 5.1 summarises the socio-demographic characteristics of participants. 

Both groups had higher percentages of males (over 70%). As expected, given the 

study’s design, the cases were, on average, much younger than the controls (34 vs. 

53 years). The enrolled cases belonged to 70 ethnic groups, while the controls 

represented 26 ethnic groups (see Appendices 9 and 10 for the complete list). Three 

ethnic groups (Kawahla, Jaalyeen and Hassania) were listed in the top five in both 

cases and controls.  Due to the ongoing debate over the classification of Kordofanian 

languages as either part of the Niger-Congo (114) or Nilo-Saharan (330) language 

families, the four Nuba participants were designated as belonging to both groups 

(Table 5.1). Aljazeera, Sennar and White Nile were the top states with the highest 

number of participants in Aljazeera state (37% of cases and 56% of controls).  
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Table 5.1 Basic characteristics of the study participants (n=309 cases and 165 controls). 

Characteristic Cases, Number (%) Controls, Number (%) 

Sex   

Male 233 (75.4%) 115 (71%) 

Female 76 (24.6%) 50 (32%) 

Age   

Mean (SD) 34 (12.6) 53.3 (10.3) 

Median (range) 32 (11-75) 52 (40-80) 

Occupation   

 Farmer, 122 (40%) Farmer, 72 (44%) 

 Merchant, 48 (16%) Merchant,  30 (18%) 

 Housewife, 31 (10%) Housewife, 30 (18%) 

 University student, 19 (6%) Daily labourer, 8 (4.8%) 

 Unemployed, 19 (6%) Driver, 4 (2.5%) 

 Driver, 10 (3.2%) Employee, 3 (1.8%) 

 Student, 8 (2.6%) Construction worker, 2 (1.2%) 

 Daily labourer, 7 (2.2%) Teacher, 2 (1.2%) 

 Other, 43 (14%) Other, 14 (8.5%) 

Linguistic family   

Afro-Asiatic 237 (76.7%) 149 (90%) 

Nilo-Saharan 58 (18.8%) 5 (3%) 

Nilo-Saharan and Niger-

Congo 

4 (1.3%) - 

N/A 10 (3.2%) 11 (7%) 

Self-reported ethnicity   

 Kawahla, 52 (17%) Kawahla, 62 (40%) 

 Bargo, 18 (5.8%) Lahawi, 42 (27%) 

 Gamoeya, 18 (5.8%) Jaalyeen, 7 (5%) 

 Baggara, 17 (5.5%) Nefedya, 7 (5%) 

 Hassania, 14 (4.5%) Hassania, 3 (2%) 

 Jaalyeen, 13 (4.2%) Hodor, 3 (2%) 

 Tama, 12 (3.8%) Rezegat, 3 (2%) 

 Shokria, 11 (3.6%) Rofaa, 3 (2%) 

 Other, 154 (49.8%) Other, 24 (15%) 

State   

 Aljazeera, 113 (36.6%) Aljazeera, 93 (56.4%) 

 Sennar, 45 (14.6%) Sennar, 67 (40.6%) 

 White Nile, 40 (13%) White Nile, 2 (1.2%) 

 North Kordofan, 33 (10.6%) Kassala, 2 (1.2%) 

 South Darfur, 14 (4.5%) North Kordofan, 1 (0.6%) 

 Other, 64 (20.7%)  

N/A: not available. 
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The case distribution based on location can be seen in Figure 5.1. By recruiting cases 

from the MRC, we formed a cohort comprising individuals from diverse ethnic 

backgrounds representing the 18 states of Sudan in addition to three cases from Chad. 

 

Figure 5.1 Mycetoma cases distribution. 

Based on the risk of mycetoma, occupations were classified into three categories: 

high, moderate, and low (Figure 5.2). This categorisation is subjective, as the risk 

level may vary depending on specific factors such as geographic location, work 

environment, and personal hygiene practices. However, a general categorisation was 

provided based on the potential risk associated with each occupation. Farming was, 

by far, the most frequent occupation in both groups (41% in cases and 44% in 

controls). Mycetoma patients frequently rely on farming as their sole means of income 

within their communities. Some individuals, particularly those who have undergone leg 

amputations, often become merchants (second occupation in rank among mycetoma 

cases) for convenience. A significant number of patients, around 6%, lost their jobs 

due to disability. 
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Figure 5.2 Treemap demonstrating the study participants' occupations based on their 

frequency. (A) Cases’ occupations distributed according to mycetoma risk. (B) Controls 

occupations distributed according to mycetoma risk. 

Table 5.2 showed further characteristics of the cases. As indicated in the table, the 

patients' average duration of mycetoma infection was ten years. Most lesions were 

located on the lower extremities, accounting for 81% of cases. The upper extremities 

were affected in 10% of cases, while 2.2% of patients had multiple lesions in different 

sites. 

Of all the patients enrolled, 77% had no family history of mycetoma. Most patients with 

a family history were from families with multiple cases discovered during field visits to 

endemic areas. Those familial relationships are listed in Table 5.2. 
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Table 5.2 The demographic features of mycetoma cases (n=309). 

Characteristic Number (%) 

Duration of illness before the date of survey (in years)  

Mean (SD) 10 (8) 

Median (range) 7 (0.3-38) 

Site of the lesion   

Upper extremities 31 (10%) 

Lower extremities 250 (81%) 

Head, neck, trunk, back and perineal area 18 (5.8%) 

Multiple sites 7 (2.2%) 

N/A 3 (1%) 

Family history of mycetoma  

Parent 3 (1%) 

Offspring  1 (0.3%) 

Sibling(s) 24 (7.8%) 

Avuncular 15 (4.9%) 

Grandparent 2 (0.6%) 

Cousin(s) 24 (7.8%) 

No family history 238 (77%) 

N/A 2 (0.6%) 

Avuncular: uncle/aunt to niece/nephew; N/A: not available. 

5.3 Findings of data quality control 

Quality control included the identification and exclusion of individuals and SNPs with 

missing genotype proportion of more than 2%, individuals with conflicting sex 

information or outlying heterozygosity, and SNPs that were not in HWE or had low 

MAF of less than 0.05. 

Summary statistics of the raw data showed that 473 (99.8%) individuals had a 

genotyping missingness rate of less than 0.02, while 95.6% of the SNPs had per-SNP 

missingness of less than 0.02 (Figure 5.3). Three affected individuals who had a 

heterozygosity rate deviating ±3 SD from the samples' heterozygosity rate mean were 

excluded. Eight individuals had discrepancies between self-reported sex and 

genetically inferred sex and were removed.  
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Figure 5.3 Histograms of SNPs (A) and individuals (B) missingness. 

Thirteen individuals were excluded for having pi-hat=1 (duplicates). Distortion from 

HWE at p<1e−6 was observed for 698 (0.05%) SNPs among controls and for 378 

(0.026%) SNPs among the cases at p<1e−10. A total of 1415704 SNPs remained after 

excluding low-frequency SNPs with MAF<0.05 (Figure 5.4).  

These steps resulted in a dataset with 1,414,628 SNPs and 450 subjects (297 cases 

and 153 controls), upon which additional data quality filters were applied. 

 

Figure 5.4 SNP minor allele frequency (MAF). Low-frequency SNPs (MAF < 5%) were 

excluded. 

Multidimensional Scaling (MDS) was employed to detect population outliers by 

visualising genetic relationships between individuals. In MDS plots, individuals from 

the same population cluster together due to shared genetic profiles. Outliers, those 
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distant from their designated clusters, are identified as individuals with significant 

genetic differences from their assigned population. Detecting outliers is crucial for 

quality control in GWAS, as they can introduce noise and lead to spurious results. It 

also helps identify subpopulations within the dataset, which may have distinct genetic 

risk factors for the disease under study. Both visual inspection and statistical methods 

are used to identify and handle outliers effectively, ensuring the reliability of genetic 

associations in GWAS analyses (274).  

The results of the MDS analysis indicated that all individuals within the mycetoma 

dataset belonged to the African superpopulation cluster of the 1000 Genomes (1KG) 

Project reference panel. This effectively eliminated the possibility of any population 

outliers, as shown in Figure 5.5. Consequently, none of the individuals were removed 

from the association analysis due to population stratification. 

 

Figure 5.5 Multidimensional scaling (MDS) plot of 1000 Genomes (1KG) reference panel 

against the mycetoma dataset. The black crosses (+ = “OWN”) in the middle left part represent 

the first two MDS components of the individuals in the mycetoma dataset. Blue circles 

represent Africans (AFR); green circles represent Europeans (EUR); pink circles represent 

Admixed Americans (AMR); red circles represent Asians (ASN). 
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5.4 Data analysis results 

5.4.1 Estimating the genomic inbreeding coefficient (FROH) 

The FROH assessment determines an individual's genomic inbreeding coefficient by 

analysing the runs of homozygosity (ROH) in their genetic profile. The term ROH refers 

to genome segments where an individual has inherited identical alleles from both 

parents due to shared ancestry (identical by descent). By indicating the probability of 

inheriting two identical alleles from a recent common ancestor, the genomic inbreeding 

coefficient can reveal whether there has been inbreeding or shared ancestry within the 

population. 

The ROH calculation and FROH estimation were performed using PLINK and 

detectRUNS R package. A total of 10294 runs of homozygosity (ROH) were identified, 

while the mean FROH in this dataset was 0.0317 (Figure 5.6). 

 

Figure 5.6 Violin plot showing ROH-based inbreeding coefficient (FROH) calculated in the 

GWAS dataset. The orange dot represents the mean value (0.0317). 

5.4.2 Association analysis 

The genome-wide association analysis was done using mixed linear model 

association analysis (MLMA) implemented in the genome-wide complex trait analysis 

(GCTA) software package and generalised mixed model (GMM) implemented in the 

scalable and accurate implementation of generalised mixed model (SAIGE) R 

package. The total number of SNPs tested was 1,414,628. The following sections will 

include the results of the two methods as well as a comparison between the produced 

results (section 5.4.2.3) 
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5.4.2.1 Association analysis using genome-wide complex trait analysis (GCTA) 

I used a linear mixed model (LMM) approach for this association analysis, accounting 

for relatedness between individuals, as the dataset contained families. The Quantile-

quantile (QQ)-plot in Figure 5.7 is a visualisation technique commonly used in GWAS 

to assess the presence of systematic biases or inflation in the association test results. 

To determine the inflation of test statistics compared to the expected null distribution, 

the genomic inflation factor (lambda) was measured. Lambda values close to 1 

indicate minimal inflation, suggesting that the observed p-values follow the expected 

distribution closely. The lambda value after the analysis was 0.999, suggesting 

minimal genomic inflation. This indicated that the GWAS analysis has effectively 

controlled for potential confounding factors and population stratification. Thus, it 

provided confidence in the validity and reliability of the GWAS results, as it indicated 

that the association test statistics align with the null hypothesis. 

 

Figure 5.7 Quantile-quantile (QQ) plot of -log10 (p) from GCTA’s GWAS analysis. The x-axis 

represents the expected -log10 transformed p-values (based on the null distribution), and the 

y-axis represents the observed -log10 transformed p-values. 

Although the QQ plot suggested that the overall set of test statistics was consistent 

with the global null hypothesis of no associations, several suggestive associations 

were identified, with eight SNPs surpassing the genome-wide threshold of 

p < 1.0×10−5, as demonstrated in Figure 5.8. The Manhattan plot in Figure 5.8 

graphically represents the association results by displaying SNPs’ genomic locations 

(chromosomes) vs. their corresponding association significance (-log10 transformed p-

values).  
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Figure 5.8 Manhattan plot of GCTA association results. It displays chromosomes on the x-

axis and the SNPs’ corresponding association significance (-log10 transformed p-values) on 

the y-axis. The top eight SNPs are depicted as green dots. The dashed red line denotes the 

genome-wide suggestive significance threshold of p < 1.0×10−5. 

The GCTA LMM revealed eight loci associated with mycetoma at suggestive levels of 

significance (p <1.0x10-5). Two loci lie on chromosome 7, two on chromosome 15 and 

one on chromosomes 1, 3, 5 and 9 (Table 5.3). The highest scoring SNP was 

rs16861260 (p = 1.97E-06), an intergenic variant located 1.118 kb downstream to the 

gene upstream transcription factor family member 3 (UCF3), also known as KIAA2018, 

on chromosome 3. The associated SNP on chromosome 5, rs9291949 (p = 4.80E-

06), is intronic in the adenylate kinase 6 (AK6) gene. On chromosome 7, the 

associated loci included two top SNPs; the first was rs10952971 (p = 2.73E-06), an 

intergenic variant located 16.1 kb near a pseudogene named RNA, U6 small nuclear 

274 (RNU6-274P). The second locus included rs45529834 (p = 6.72E-06), an intronic 

variant mapped to four genes: cleavage and polyadenylation specific factor 4 

(CPSF4), pentatricopeptide repeat domain 1 (PTCD1), ATP synthase membrane 

subunit F (ATP5J2) and ATP5J2-PTCD1 readthrough (fusion gene). Chromosome 15 

also included suggestive signals in two loci located on q14. The lead SNPs on 15q14 

were rs10520048 (p = 3.93E-06) and rs319883 (p = 8.75E-06) intronic variants 

mapped to long non-coding RNAs (lncRNAs) genes.



121 
 

 

Table 5.3 Lead SNPs showing association with mycetoma under the linear mixed model of the GCTA software package. 

SNP Chr P (GRCh37) Ref Alt MAF Beta (SE) p-value Nearest gene Global 

MAF 

1KG 

(AFR) 

GnomAD 

(AFR) 

 

Cytoband 

rs167677 1 96468117 G A 0.18 -0.17 (0.04) 6.71E-06 RP11-147C23.1* 0.34 0.86 0.83 p21.3 

rs16861260 3 113366113 G A 0.06 -0.3 (0.06) 1.97E-06 UCF3 0.09 0.11 0.11 q13.2 

rs9291949 5 68648770 G A 0.4 -0.14 (0.03) 4.80E-06 AK6  0.44 0.37 0.37 q13.2 

rs10952971 7 89400148 C A 0.23 -0.17 (0.04) 2.73E-06 RNU6-274P 0.27 0.01 0.08 q21.13 

rs45529834 7 99049682 C T 0.19 -0.18 (0.04) 6.72E-06 PTCD1; 

ATP5J2-PTCD1; 

CPSF4; ATP5J2 

0.05 0.16 0.14 q22.1 

rs2039461 9 20145988 T C 0.27 -0.16 (0.03) 2.17E-06 MLLT3 0.3 0.1 0.17 p21.3 

rs319883 15 35955716 A G 0.28 -0.15 (0.03) 8.75E-06 DPH6-DT* 0.29 0.6 0.8 q14 

rs10520048 15 36345304 C T 0.28 -0.15 (0.03) 3.93E-06 RP11-184D12.1* 0.28 0.3 0.29 q14 

Chr: chromosome; P: position in GRCh37 coordinate; Ref: reference allele; Alt: alternate allele; MAF: minor allele frequency; SE: standard error; 1KG: 1000 Genomes; *lincRNA: 

long intergenic non-coding RNA.
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5.4.2.2 Association analysis using the scalable and accurate implementation of 

generalised mixed model (SAIGE) 

Single-variant association analysis was done using SAIGE, which allows association 

testing in binary traits using a GMM that accounts for population structure and 

relatedness among individuals. This software package is known to have the most 

computationally efficient method when studying a binary trait with a small, correlated 

dataset (331). 

Figure 5.9 demonstrates the QQ plot produced from this analysis. The lambda value 

was 1.032, suggesting that the association results are generally reliable and not 

substantially biased due to confounding or population structure.  

 

Figure 5.9 Quantile-quantile (QQ) plot of -log10 (p) from SAIGE’s GWAS analysis. The x-axis 

represents the expected -log10 transformed p-values (based on the null distribution), and the 

y-axis represents the observed -log10 transformed p-values. 

Again, the QQ plot suggested that the overall set of test statistics was consistent with 

the global null hypothesis of no associations. In Figure 5.10, the Manhattan plot 

indicates that ten SNPs attained a suggestive significance level with a p-value of less 

than 1.0×10−5. Three SNPs were found in both GCTA and SAIGE analyses, 

specifically rs16861260 on chromosome 3 and rs319883 and rs10520048 on 

chromosome 15 (Table 5.4). The minor allele A of the highest-scoring SNP, 

rs16861260, was identified by both GCTA and SAIGE and offered approximately 4.6-

fold protection against mycetoma with an odds ratio (OR) of 0.22 (p = 1.97E-06 for 

GCTA and p = 6.35E-06 for SAIGE). Moreover, three loci on chromosome 15q14 were 

identified as having a protective effect against mycetoma. One of these loci 
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encompasses rs319885 (p = 7.43E-06) and rs319883 (p = 5.87E-06) mapped to an 

RNA gene known as DPH6 divergent transcript (DPH6-DT). In all three risk loci on 

15q14, the minor alleles offered 2.3-fold increase in protection against mycetoma 

susceptibility (Table 5.4).  

On the other hand, two risk loci on chromosome 2 were associated with increased 

odds of susceptibility to mycetoma. The first locus included rs1868403, mapped to the 

C1D nuclear receptor corepressor (C1D) gene with an OR of 2.68 (95% CI 2.23 to 

3.13). The second associated SNP, rs4368333 (p = 3.20E-06), is intergenic about 28.4 

kb upstream of the gene potassium voltage-gated channel modifier subfamily S 

member 3 (KCNS3). The A minor allele of this SNP was associated with a 2-fold 

increased susceptibility to mycetoma with an OR of 2.18 (95% CI 1.84 to 2.52). 

Another top SNP increasing the risk of mycetoma was found on chromosome 14q32.2. 

The associated SNP was rs4073738 (p = 3.49E-06; OR 2.26, 95% CI 1.9 to 2.61), an 

intronic variant in the gene brain-enriched guanylate kinase-associated (BEGAIN). 

Chromosome 7 had a risk locus different from those identified in GCTA analysis with 

rs4076072 (p = 5.61E-06) located in Sad1 and UNC84 domain containing 1 (SUN1) 

gene.  

 

Figure 5.10 Manhattan plot of SAIGE association results. It displays chromosomes on the x-

axis and the SNPs’ corresponding association significance (-log10 transformed p-values) on 

the y-axis. The top ten SNPs are depicted as green dots. The dashed red line denotes 

genome-wide suggestive significance threshold of p < 1 × 10−5.
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Table 5.4 Lead SNPs showing association with mycetoma under the generalised mixed model of SAIGE R package. 

SNP Chr P(GRCh37) Ref Alt MAF OR (95% CI) p-value Nearest gene Global 

MAF 

1KG  

(AFR) 

GnomAD 

(AFR) 

Cytoband 

rs4368333 2 18030665 C A 0.5 2.18 (1.84 – 2.52) 3.20E-06 KCNS3 0.37 0.42 0.43 p24.2 

rs1868403 2 68310101 A G 0.22 2.68 (2.23 – 3.13) 7.83E-06 C1D 0.22 0.22 0.24 p14 

rs16861260 3 113366113 G A 0.06 0.22 (-0.5 – 0.9) 6.35E-06 UCF3 0.09 0.11 0.11 q13.2 

rs17062162 4 176770168 T C 0.1 0.33 (-0.2 – 0.84) 8.81E-06 GPM6A 0.02 0.06 0.05 q34.2 

rs4076072 7 892902 C T 0.08 0.26 (-0.4 – 0.86) 5.61E-06 SUN1 0.17 0.08 0.08 p22.3 

rs3019751 11 68923597 A G 0.45 2.21 (1.85 – 2.57) 9.55E-06 RP11-554A11.8* 0.5 0.56 0.52 q13.3 

rs4073738 14 101015380 G A 0.45 2.26 (1.9 – 2.61) 3.49E-06 BEGAIN 0.46 0.62 0.58 q32.2 

rs319885 15 35955025 T C 0.29 0.44 (0.08 – 0.81) 7.43E-06 DPH6-DT* 0.29 0.86 0.8 q14 

rs319883 15 35955716 C T 0.29 0.44 (0.07 – 0.81) 5.87E-06 DPH6-DT* 0.29 0.86 0.8 q14 

rs10520048 15 36345304 C T 0.28 0.44 (0.08 – 0.8) 3.00E-06 RP11-184D12.1* 0.28 0.29 0.29 q14 

Chr: chromosome; P: position in GRCh37 coordinate; Ref: reference allele; Alt: alternate allele; MAF: minor allele frequency; OR: odds ratio; CI: confidence interval; 1KG: 1000 

Genomes; *lincRNA: long intergenic non-coding RNA.
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5.4.2.3 Pairwise comparison of the association results 

To evaluate the similarity of the results produced by GCTA and SAIGE, a pairwise 

comparison of -log10(p-values) was done using R (Figure 5.11). The results of SAIGE 

and GCTA were concordant, and both software packages identified three suggestive 

signals associated with mycetoma, as detailed in section 5.4.2.2.  

 

Figure 5.11 Pairwise comparison plot of –log10(P-values) for the associations based on 

GMM using SAIGE on the x-axis versus associations based on MLMA using GCTA on the 

y-axis. 

5.4.3 Regional association 

LocusZoom was used to visualise the genomic regions of the lead SNPs produced by the 

two association analysis models. 
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5.4.3.1 Lead SNPs from GCTA association analysis 

The most promising suggestive signals (rs9291949, rs10952971, rs45529834 and 

rs167677) were further interrogated regarding their reliability given the LD pattern (Figure 

5.12).  

 

Figure 5.12 Regional association plots for (A) rs167677, (B) rs9291949, (C) rs10952971, 

and (D) rs45529834. The x-axis displays the chromosomal position while the y-axis 

represents SNPs’ corresponding association significance (-log10 transformed p-values). The 

recombination rate is displayed as a continuous blue line. Individual SNPs are represented 

by a circle/triangle filled with a colour corresponding to the extent of LD with the lead SNP 

(a purple diamond) from dark blue (r2 = 0) to red (r2 = 1). Grey-filled circles/triangles refer to 

SNPs with no LD information. Symbol orientation indicates the effect sign; regular triangles 

indicate positive associations, whereas inverted triangles indicate negative associations. 

The dashed line denotes the genome-wide significance of p < 5 × 10−8. The lower section 

shows where the genes are located and their corresponding exons with the direction of 

transcription indicated by arrows. 
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5.4.3.2 Lead SNPs from SAIGE association analysis 

Figure 5.13 demonstrates the top SNPs from SAIGE association testing, which gave 

promising LD patterns. This includes rs4368333, rs1868403, rs4076072 and rs4073738. 

However, no significant LD pattern was present for rs17062162 and rs3019751. 

 

Figure 5.13 Regional association plots for (A) rs4368333, (B) rs1868403, (C) rs4076072 and 

(D) rs4073738. The x-axis displays the chromosomal position while the y-axis represents 

SNPs’ corresponding association significance (-log10 transformed p-values). The 

recombination rate is displayed as a continuous blue line. Individual SNPs are represented 

by a circle/triangle filled with a colour corresponding to the extent of LD with the lead SNP (a 

purple diamond) from dark blue (r2 = 0) to red (r2 = 1). Grey-filled circles/triangles refer to 

SNPs with no LD information. Symbol orientation indicates the effect sign; regular triangles 

indicate positive associations, whereas inverted triangles indicate negative associations. The 

dashed line denotes genome-wide significance of p < 5 × 10−8. The lower section shows 

where the genes are located and their corresponding exons with the direction of transcription 

indicated by arrows. 
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5.4.3.3 Common Lead SNPs 

Lastly, the LD patterns for rs16861260, rs319883 and rs10520048 were plotted; however, 

rs319883 was the only one with a significant LD pattern. It had a perfect LD (r2=1) with 

rs319885 (another top SNP according to SAIGE association testing), as depicted in 

Figure 5.14. 

 

 

Figure 5.14 Regional association plot for rs319883. The x-axis displays the chromosomal 

position while the y-axis represents SNPs’ corresponding association significance (-log10 

transformed p-values). The recombination rate is displayed as a continuous blue line. 

Individual SNPs are represented by a circle/triangle filled with a colour corresponding to the 

extent of LD with rs319883 (a purple diamond) from dark blue (r2 = 0) to red (r2 = 1). The 

other lead SNP, rs319885, is displayed as a red triangle behind rs319883.  Grey-filled 

circles/triangles refer to SNPs with no LD information. Symbol orientation indicates the 

effect sign; regular triangles indicate positive associations, whereas inverted triangles 

indicate negative associations. The dashed line denotes genome-wide significance of 

p < 5 × 10−8. The lower section shows where the genes are located and their corresponding 

exons with the direction of transcription indicated by arrows. 

5.4.4 Annotation and Functional Analysis 

The functional mapping and annotation of genome-wide association studies (FUMA) web 

application provided additional information to interpret the overall set of GWAS results. 

This was done on the GWAS summary statistics of GCTA and SAIGE association 

analyses.  
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5.4.4.1 GCTA lead SNPs  

To assess the functional consequence of the input SNPs on genes, ANNOVAR 

enrichment test in FUMA was used. The 1KG Phase 3 dataset for Africans was chosen 

as a reference dataset to represent the background distribution of variants across the 

genome. By comparing the observed variants to this reference dataset, the enrichment 

test could identify functional categories significantly overrepresented or underrepresented 

in the mycetoma dataset, providing insights into the potential functional implications of 

the variants. The functional consequence of the SNPs on genes in GCTA’s summary 

statistics is displayed in Figure 5.15. Most of the annotated SNPs were intronic (53.6%,  

p = 9E-04), followed by intergenic (22%,  p = 1.38E-06), intronic noncoding-RNA (ncRNA) 

variants (12.6%, p = 0.74) and 3' untranslated regions (3' UTRs) variants (8%,  p = 3.5E-

06).  

 

Figure 5.15 Histogram displaying the proportion of SNPs (all SNPs in LD with GCTA’s lead 

SNPs) with corresponding functional annotation assigned by ANNOVAR. Bars are coloured 

according to log2 (enrichment) relative to all SNPs in the 1000 Genomes Phase 3 dataset 

for Africans. 

Gene-based association analysis was done using the MAGMA tool implemented in 

FUMA. The input SNPs were mapped to 19150 protein-coding genes. Figure 5.16 

demonstrates the top six associated genes identified by MAGMA. The potassium 

inwardly-rectifying channel subfamily J member 6 (KCNJ6) gene on chromosome 21 was 

significantly associated with mycetoma (p = 3.36E-07).  
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Figure 5.16 Gene-based genome-wide association Manhattan plot of GCTA summary 

statistics, with the top 6 associated genes labelled. The y-axis denotes the –log10(p-value) 

for association, while the x-axis is the physical position of the SNPs across the genome. 

The red dashed line indicates the genome-wide significance threshold (p = 0.05/19150 =  

2.611E-6). 

FUMA also offers three key functional mapping strategies for interpreting GWAS findings. 

First, positional mapping helps identify nearby genes to GWAS-identified SNPs, aiding in 

the discovery of candidate genes. Second, Expression Quantitative Trait Loci (eQTL) 

mapping uncovers SNPs associated with gene expression changes, shedding light on the 

functional consequences of GWAS variants. Lastly, chromatin interaction mapping 

explores 3D organisation, revealing SNPs interacting with distal regulatory elements, thus 

unravelling long-range regulatory effects. These strategies collectively help bridge the 

gap between genetic associations and functional insights. 

A total of 87 candidate genes were identified using FUMA functional mapping strategies, 

as listed in Appendix 11. These include 19, 13, and 81 genes identified by positional 

mapping, eQTL mapping, and chromatin interaction mapping, respectively (Figure 5.17). 

Mutual genes identified by the three mapping strategies were USF3, PTCD1 and ATP5J2. 
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Figure 5.17 The number of overlapping genes between the three functional mapping 

strategies (positional mapping, eQTL, and chromatin interactions) identified from GCTA’s 

summary statistics. The intersecting areas of the circles represent the number of 

overlapping genes. 

Circos plots in FUMA display genomic and functional information in a circular layout. They 

are commonly used to visualise relationships and connections between various elements, 

such as genomic risk loci, genes, functional annotations, and GWAS results, in an 

informative way. The circos plot in Figure 5.18A showed multiple chromatin interactions 

between the genomic risk locus (chr1:96400001–96440000) and genes calponin 3 

(CNN3), asparagine-linked glycosylation 14 homolog (ALG14), RWD domain-containing 

protein 3 (RWDD3), polypyrimidine tract-binding protein 2 (PTBP2), dihydropyrimidine 

dehydrogenase (DPYD) and sorting nexin 7 (SNX7). Based on the RNA-seq data from 

GTEx version 8, a heatmap of gene expression showed lower expression levels of CCN3 

and RWDD3 in whole blood (Figure 5.19). 

The 3q13.2 locus was identified to have chromatin interactions with 19 genes (Figure 

5.18B), including genes involved in immunoregulation such as B- and T-lymphocyte 

attenuator (BTLA), Cluster of Differentiation 200 (CD200) and its receptor CD200 receptor 

1 (CD200R1), and germinal centre-associated signalling and motility (GCSAM). The 

heatmap of gene expression in Figure 5.19 showed higher relative expression levels of 



132 
 

BTLA, GCSAM, and SID1 transmembrane family member 1 (SIDT1) genes in Epstein-

Barr virus-transformed B lymphocytes. The gene GCSAM was also relatively upregulated 

in suprapubic and lower leg skin tissues. The lead SNP rs9291949 of chromosome 5 

locus interacted with the 12 genes (Figure 5.18C) including TATA-box binding protein 

associated factor 9 (TAF9) which had a lower expression level in whole blood (Figure 

5.19). The two loci on chromosome 7 had the highest share of interactions with 41 genes 

(Figure 5.18D), six identified by chromatin interaction and eQTL mappings. Figure 5.18E 

illustrates the correlation between the two risk loci on chromosome 15 and six genes. 

Among these genes was RAS guanyl-releasing protein 1 (RASGRP1), which is highly 

expressed in T-cells and, to a lesser extent, in B and natural killer cells. The encoded 

protein, RASGRP1, is critical in regulating the Ras signalling pathway, which is vital for 

immune responses. Research has shown that T-cell development and function rely on 

RASGRP1, as it connects the TCR to the Ras-mitogen-activated protein kinase signalling 

pathway (332,333). No interactions were identified in the chromosome 9 locus. 
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Figure 5.18 Circos plot generated via FUMA for the top SNPs of GCTA. The outermost layer is 

the Manhattan plot, and the middle layer highlights genomic risk loci in blue, while the innermost 

layer highlights eQTLs and/or chromatin interactions. Only SNPs with p < 0.05 are displayed in 

the outer ring. SNPs in genomic risk loci are colour-coded as a function of their maximum r2 to 

one of the independent significant SNPs in the locus. The rsID of the top SNPs is displayed in the 

outermost layer. For the innermost layer, if the gene is mapped only by chromatin interactions or 

only by eQTLs, it is coloured orange or green, respectively. It is coloured red when both map the 

gene. (A) Circos plot for chromosome 1 top SNP. (B) Circos plot for chromosome 3 top SNP. (C) 

Circos plot for chromosome 5 top SNP. (D) Circos plot for the two top SNPs on chromosome 7. 

(E) Circos plot for chromosome 15 top SNPs. 
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The 87 mapped genes were used as the input for the second step of FUMA’s analysis, 

GENE2FUNC, to identify enriched pathways or gene sets associated with mycetoma. 

This was done by utilising the Molecular Signatures Database (MSigDB) (281), which 

provides a comprehensive collection of curated gene sets representing diverse biological 

functions and pathways. This analysis revealed two gene sets in the Kyoto Encyclopaedia 

of Genes and Genomes (KEGG) pathways primarily related to drug and linoleic acid 

metabolism (Table 5.5). Furthermore, based on the gene ontology (GO) analysis, the 

molecular function significantly enriched was the Estrogen 16α-hydroxylase activity. 

Among nine gene sets reported in the GWAS catalogue, serum metabolite levels and sex 

hormones levels were the most relevant (complete list in Appendix 12). 

 

Table 5.5 The MSigDB significantly enriched gene sets from the GCTA association analysis 

dataset. 

Category Gene set genes p-value Adj. p-

value 

GO 

molecular 

function

  

Estrogen 16 alpha-

hydroxylase activity 

CYP3A5, CYP3A4, 

CYP3A43 

2.96E-06 5.24E-3 

KEGG Drug metabolism - other 

enzymes 

DPYD, CYP3A5, CYP3A4, 

CYP3A43 

5.21E-5 9.69E-3 

Linoleic acid metabolism CYP3A5, CYP3A4, 

CYP3A43 

2.32E-04 2.16E-2 

GWAS 

catalogue 

reported 

genes 

Serum metabolite levels 

DPYD, ARPC1A, ARPC1B, 

PDAP1, BUD31, CPSF4, 

ZNF789, ZKSCAN5, 

CYP3A5, CYP3A43, TRIM4 

1.87E-7 1.66E-4 

Sex hormone levels 
ZNF789, ZKSCAN5, 

CYP3A4 
7.05E-6 5.20E-3 

                 GO: Gene Ontology; Adj. P-value: Adjusted p-value after accounting for multiple testing. 
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Figure 5.19 Gene expression heatmap constructed with GTEx v8 (53 tissues) for GCTA’s mapped 

genes. Genes (x-axis) and tissues (y-axis) are ordered by clusters with expression levels 

displayed as log2 transformed. The colour scale represents the expression levels ranging from 

red for high expression to blue for low expression. 
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5.4.4.2 SAIGE lead SNPs 

Figure 5.20 demonstrates the functional consequence of the SNPs on genes in the 

SAIGE’s summary statistics. The annotated SNPs were 41.6% intergenic (p = 0.62), 36% 

intronic ncRNA (p = 1E-04), 11% 3'UTRs (p = 4E-04) and 8% intronic (p = 2E-04). 

 

 

Figure 5.20 Histogram displaying the proportion of SNPs (all SNPs in LD with SAIGE’s lead 

SNPs) with corresponding functional annotation assigned by ANNOVAR. Bars are coloured 

according to log2 (enrichment) relative to all SNPs in the 1000 Genomes Phase 3 dataset for 

Africans (AFR). 

MAGMA gene-based association analysis was done for the input SNPs mapped to 19239 

protein-coding genes. The analysis identified no individual gene that was significantly 

associated with mycetoma (p = 2.599E-6), although subthreshold (p < 8.6E-05) 

associations were observed with zinc finger and SCAN domain containing 25 (ZSCAN25), 

complement component 4 binding protein beta (C4BPB), cytochrome P450 family 3 

subfamily A member 5 (CYP3A5) and forkhead box P1 (FOXP1) as displayed in Figure 

5.21. 
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Figure 5.21 Gene-based genome-wide association Manhattan plot of SAIGE summary statistics, 

with the top 5 associated genes labelled. The y-axis denotes the –log10(p-value) for association, 

while the x-axis is the physical position of the SNPs across the genome. The red dashed line 

indicates the genome-wide significance threshold (p = 0.05/19239 =  2.599E-6). 

The functional mapping strategies (positional mapping, eQTL, and chromatin 

interactions) yielded 48 protein-coding genes (Appendix 13). These include four, nine, 

and forty-two genes identified by positional mapping, eQTL mapping,  and chromatin 

interaction mapping, respectively (Figure 5.22). All three mapping strategies identified 

two genes, UCF3 and SUN1, while three genes, namely, C1D, protein phosphatase 3 

regulatory subunit B, Alpha (PPP3R1) and cytochrome C oxidase assembly factor COX19 

(COX19), were predicted by two mapping strategies (eQTL and chromatin interactions). 
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Figure 5.22 The number of overlapping genes between the three functional mapping strategies 

(positional mapping, eQTL, and chromatin interactions) identified from SAIGE’s summary 

statistics. The intersecting areas of the circles represent the number of overlapping genes. 

Circos plots of the loci on chromosomes 3 and 15, identified by both GCTA and SAIGE, 

are displayed in Figure 5.23B and Figure 5.23D, respectively. Figure 5.23A illustrates 

that only one of the two risk loci on chromosome 2, which harbours the top SNP 

rs1868403, had chromatin interactions with eight genes. Meanwhile, as evidenced in 

Figure 5.23C, the 11q13.3 locus interacted with five genes, whereas no interactions were 

found for the loci on chromosomes 4, 7, and 14. 
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Figure 5.23 Circos plot generated via FUMA for SAIGE’s top SNPs. The outermost layer is the 

Manhattan plot, and the middle layer highlights genomic risk loci in blue, while the innermost layer 

highlights eQTLs and/or chromatin interactions. Only SNPs with p < 0.05 a are displayed in the 

outer ring. SNPs in genomic risk loci are colour-coded as a function of their maximum r2 to one of 

the independent significant SNPs in the locus.  The rsID of the top SNPs is displayed in the 

outermost layer. For the innermost layer, if the gene is mapped only by chromatin interactions or 

only by eQTLs, it is coloured orange or green, respectively. It is coloured red when both map the 

gene. (A) Circos plot for chromosome 2 top SNPs. (B) Circos plot for chromosome 3 top SNP. (C) 

Circos plot for chromosome 11 top SNP. (D) Circos plot for the two top SNPs on chromosome 15. 

Table 5.6 summarises the MSigDB gene sets significantly enriched in the mycetoma 

dataset produced from SAIGE association analysis. Based on the GO analysis, the 

biological process significantly enriched was the negative regulation of lymphocyte 

migration. Additionally, the immunologic signature that appeared significantly enriched 
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was the genes upregulated in bone marrow-derived macrophages from signal transducer 

and activator of transcription 6 (STAT6) knockout mice. Three microRNA (MIR) target 

gene sets were significantly enriched, as displayed in Table 5.6. 

 

Table 5.6 The MSigDB significantly enriched gene sets from the SAIGE association analysis 

dataset. 

Category Gene set genes p-value Adj.  

p-value 

GO 

biological 

processes

  

Negative regulation of 

lymphocyte migration 

GCSAM; CD200; 

CD200R1 

4.95E-06 0.036 

Immunologic 

signatures 

Genes up-regulated in bone 

marrow-derived macrophages 

with STAT6 

FAM98B; RAB1A; ETAA1; 

C1D; QTRTD1; COX19 

3.57E-06 0.01 

 

MicroRNA 

targets 

CTCAAGA_MIR526B RAB1A; PPP3R1; 

CD200R1; DRD3 

2.75E-05 0.006 

TGTATGA_MIR4853P MEIS2; SPRED2; 

PPP3R1; GPM6A 

0.0005 0.048 

TAATGTG_MIR323 CCND1; RAB1A; USF3; 

GPM6A 

0.0006 0.048 

                   GO: Gene Ontology; Adj. p-value: Adjusted p-value after accounting for multiple testing. 

The gene expression heatmap for the 48 mapped genes (Figure 5.24) showed similar 

results to GCTA’s mapped genes with higher relative expression levels of SIDT1, BTLA 

and GCSAM in EBV-transformed B lymphocytes and relatively upregulated GCSAM in 

both skin tissue types (suprapubic and lower leg). Besides, two genes, cyclin D1 (CCND1) 

and sprouty-related EVH1 domain-containing protein 2 (SPRED2), were downregulated 

in whole blood.  
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Figure 5.24 Gene expression heatmap constructed with GTEx v8 (53 tissues) for SAIGE’s 

mapped genes. Genes (x-axis) and tissues (y-axis) are ordered by clusters with expression levels 

displayed as log2 transformed. The colour scale represents the expression levels ranging from 

red for high expression to blue for low expression. 

5.4.5 SNP heritability 

SNP heritability (h2
SNP) was estimated to measure the contribution of the GWAS-

assessed SNPs to the phenotypic variation of mycetoma. As displayed in Table 5.7, the 

estimated h2
SNP for mycetoma was 0.78 (SE=0.13), indicating that around 80% of the 

phenotypic variation can be linked to the genetic variants examined. 

Table 5.7 The variance sources for mycetoma and the SNP heritability estimate. 

Variance Component Variance SE 

V(G) 0.145693 0.027452 

V(e) 0.041310 0.024477 

Vp 0.187003 0.012554 

h2
SNP =V(G)/Vp 0.779095 0.131652 

V(P):  total phenotypic variance; V(G): genetic variance; V(e): environmental variance; h2
SNP: SNP 

heritability; SE: standard error. 



142 
 

5.4.6 Imputation accuracy evaluation 

I also conducted an analysis to assess the efficacy of two commonly employed imputation 

reference panels. These panels comprise reference genotypes that aid in inferring 

unobserved or missing genotypes in study sets. Specifically, this study centred on the 

Sudanese population and sought to establish whether the imputed genotypes (imputed 

using the two publicly available reference panels) accurately matched the available WGS 

data. A total of 17 samples, which had both high-coverage WGS and GWAS data, were 

included in the analysis. The samples’ IDs are listed in Table 5.8. I imputed the genotyped 

data of the 17 samples remotely using two reference panels— the Trans-Omics for 

Precision Medicine (TOPMed; n = 97,256) hosted at the TOPMed Imputation Server (TIS) 

(282) and the Consortium on Asthma among African-ancestry Populations in the 

Americas (CAAPA; n = 883) hosted at the Michigan Imputation Server (MIS) (284).  

5.4.6.1 Per sample comparison of imputed datasets 

In the per-sample comparison results, CAAPA imputation yielded higher imputation 

accuracy parameters across the board, except for the squared correlation (r2) metric 

(Table 5.8). The CAAPA imputation results also boasted a significantly lower average 

root mean squared error (RMSE) (0.20) than the TOPMed dataset (0.83). 

Table 5.8 Imputation accuracy scores per sample using CAAPA and TOPMed reference panels. 

Sample 

Concordance 

 

r2 precision recall RMSE 

CAAPA TOPMed CAAPA TOPMED CAAPA TOPMED CAAPA TOPMED CAAPA TOPMED 

M001 0.958 0.405 0.825 0.867 0.976 0.531 0.99 0.979 0.203 0.836 

M002 0.959 0.419 0.828 0.859 0.977 0.552 0.99 0.979 0.2 0.827 

M040 0.956 0.42 0.812 0.88 0.974 0.546 0.991 0.988 0.207 0.82 

M041 0.959 0.43 0.824 0.888 0.976 0.554 0.99 0.988 0.204 0.81 

M083 0.957 0.416 0.824 0.868 0.977 0.55 0.989 0.981 0.207 0.823 
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M090 0.956 0.37 0.794 0.879 0.973 0.483 0.99 0.977 0.215 0.853 

M091 0.958 0.406 0.824 0.873 0.976 0.538 0.989 0.978 0.205 0.825 

M120 0.957 0.4 0.821 0.888 0.975 0.525 0.99 0.984 0.205 0.825 

M121 0.957 0.358 0.8 0.911 0.974 0.456 0.99 0.985 0.213 0.846 

M159 0.959 0.412 0.824 0.876 0.976 0.544 0.99 0.987 0.201 0.824 

M167 0.958 0.409 0.8 0.872 0.974 0.539 0.99 0.982 0.209 0.826 

M213 0.961 0.399 0.834 0.871 0.978 0.531 0.99 0.981 0.198 0.831 

M228 0.958 0.39 0.825 0.884 0.976 0.511 0.99 0.982 0.204 0.837 

M236 0.96 0.321 0.833 0.924 0.978 0.385 0.989 0.985 0.198 0.868 

M278 0.959 0.408 0.826 0.89 0.976 0.532 0.991 0.985 0.199 0.821 

M282 0.958 0.391 0.814 0.889 0.975 0.509 0.99 0.986 0.206 0.835 

M296 0.957 0.405 0.805 0.882 0.974 0.527 0.99 0.986 0.208 0.829 

                 R2: squared correlation; RMSE: Root Mean Squared Error. 

5.4.6.2 Per variant comparison of imputed datasets 

I classified the imputed variants by MAF and evaluated the imputation accuracy for 

common and rare variants to gain a more nuanced comprehension of the performance of 

each imputation panel. The reference panel CAAPA yielded the best and most consistent 

results in terms of concordance (≥95%) across all MAF bins, with a significant difference 

between CAAPA and TOPMed in imputation concordance for variants with MAF>5% 

(Figure 5.25A). Similar results were found for IQS (Figure 5.25B), which is known to 

produce a more reliable assessment. 
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Figure 5.25 Average imputation accuracy parameters across allele frequency bins using CAAPA 

and TOPMed imputation datasets. (A) The concordance rate, (B) The imputation quality score 

(IQS), (C) The squared correlation (r2) and (D) error. 

To better assess the impact of MAF on imputation accuracy and error rates, I constructed 

a graph depicted in Figure 5.26. Each dot plotted on the graph corresponds to an imputed 

variant, with r2 and error rate being the plotted parameters. The markers on the graph 

formed clusters based on their MAF and followed a waterfall-like pattern. The graph 

revealed that rare-to-moderate-frequency SNPs (<0.05) displayed higher r2 and lower 

error rates, whereas variants with MAF>0.05 exhibited relatively lower r2 and higher error 

rates. Furthermore, the CAAPA imputed dataset contained a denser amount of SNPs, 

prompting examining the union and intersection of SNPs imputed by CAAPA and 

TOPMed, as explained in the following section. 
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Figure 5.26 Squared correlation (r2) plotted against root mean squared error (RMSE) for (A) 
TOPMed and (B) CAAPA imputation results. 

5.4.6.3 Union and intersection of the imputed and WGS datasets 

I investigated the overlap between TOPMed, CAAPA, and the WGS dataset, as shown in 

Figure 5.27 and Table 5.9. Although the total number of SNPs imputed by TOPMed (~9 

million) was larger than the CAAPA (8.2 million), the latter had a substantially better 

overlap with the SNPs in the WGS data. CAAPA had the lowest homozygous alternative 

mismatch between WGSs and imputed data (Table 5.9). 

 

Figure 5.27 Venn diagram showing the overlap of SNPs between the WGSs and datasets 

imputed using CAAPA and TOPMed panels. 

5.4.6.4 Estimating non-reference discordance rates (NDRs) 

Next, I assessed the level of discordance of genotypes imputed by CAAPA and TOPMed 

by estimating the non-reference discordance rates (NDRs) against the WGS dataset for 
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the 17 participants. Overall, the CAAPA panel showed the highest concordance rates 

(i.e., lowest NDR = 5.7%) when compared to the TOPMed (NDR = 7.5%) panel (Figure 

5.28). The NDR was almost constant in the CAAPA dataset, while the NDR showed 

substantial variation in the TOPMed dataset, ranging from 6.5 to 8.6%. 

 

Figure 5.28 Violin plot comparing the non-reference discordance rate (NDR) distribution 

between genotypes imputed using TOPMed vs. CAAPA in the 17 participants dataset. 

Taken together, the WGS-based comparisons showed that the CAAPA consistently 

outperformed TOPMed, making the former a more appealing choice for genotype 

imputation of Sudanese datasets. 

Table 5.9 Comparison of the whole-genome sequence data with the two imputed datasets 

Parameters compared CAAPA TOPMed 

Total number of SNPs imputed 8,236,069 8,976,738 

Number of sites common between imputed and sequence data 6,948,977 74,471 

Number of sites unique to imputed data 1,152,207 8,767,382 

Percentage of Ref/Ref mismatches 37.6% 27.5% 

Percentage of Alt/Alt mismatches 5% 7.4% 

 

5.5 Discussion 

This chapter explored how genome-wide association studies (GWAS) can be utilised to 

identify common variants associated with mycetoma. As previously reported (56,74,334), 

Aljazeera state had the highest number of mycetoma cases. This state is recognised for 



147 
 

having the largest agriculture scheme in Sudan. The majority of its residents rely on arable 

farming or animal grazing, which increases the likelihood of exposure to mycetoma 

causative organisms. The Afro-Asiatic linguistic family was the most prominent among 

the cases and controls, 76.7% and 90%, respectively. This is because the three most 

affected states, namely Aljazeera, Sennar, and White Nile, are primarily inhabited by 

ethnic groups belonging to this family (104).  

Both study groups were predominantly males, which could be attributed to their greater 

willingness to participate in research studies relative to females. The geographical 

distribution of cases on the map (Figure 5.1) closely corresponds to the projected 

distribution of eumycetoma cases, as per the MRC's records spanning over 2 decades, 

from 1991 to 2018 (334). 

Utilising the largest genomic dataset at our disposal, I determined the inbreeding 

coefficient (FROH) in our Sudanese population. Though pinpointing specific recessive 

variants can present challenges, investigating the impacts of inbreeding can provide 

valuable insights into the overall influence of all recessive variants on phenotypes (335). 

Inbreeding leads to autozygosity, or the inheritance of an allele that is identical by 

descent, resulting in homozygosity. The mean FROH in the dataset was 0.0317, placing 

Sudan among the world’s highest (336). The estimate indicates that the inbreeding in our 

Sudanese population has not changed over time, with a similar inbreeding coefficient of 

0.032 in a study conducted in 1988 in the Khartoum population from Sudan (120). A 

recent study found the highest FROH estimates in Sudan's Rashaayda (0.077) and 

Kababish (0.038) populations among 14 ethnolinguistic groups in the Sahel/Savannah 

belt (330). 

The study identified 15 mycetoma-associated SNPs at p<1.0x10-5 utilising commonly 

used association testing software packages (GCTA and SAIGE). The results of the two 

software packages were largely concordant. Furthermore, three suggestive signals 

associated with mycetoma were in common between GCTA and SAIGE. The study 

revealed that minor alleles in four SNPs were associated with decreased susceptibility to 

mycetoma. Among these SNPs were rs16861260, located on chromosome 3 with an OR 

of 0.22 and a p-value of 7.83E-06, as well as rs319883, rs319885, and rs10520048 on 
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chromosome 15 with ORs of 0.44 and p-values of 5.87E-06, 7.43E-06, and 3.00E-06 

respectively. In contrast, chromosome 2 harboured two risk loci that significantly increase 

the likelihood of developing mycetoma, each by over two-fold. These risk loci include the 

G minor allele of rs1868403, which has an OR of 2.68 (95% CI 2.23 to 3.13, p = 7.83E-

06), as well as the A minor allele of rs4368333, which has an OR of 2.18 (95% CI 1.84 to 

2.52, p = 3.20E-06). Through in silico functional analyses, the minor allele A of 

rs16861260 correlated with higher relative expression levels of SIDT1, BTLA, and 

GCSAM in EBV-transformed B lymphocytes. Furthermore, GCSAM was relatively 

upregulated in suprapubic and lower leg skin tissues. Additionally, gene set and pathway 

enrichment analyses indicated that the negative regulation of lymphocyte migration was 

significantly enriched (Adj. p-value = 0.036). Moreover, the immunologic signature that 

appeared significantly enriched was the genes upregulated in bone marrow-derived 

macrophages from STAT6 knockout mice (Adj. p-value = 0.01).  

Notably, out of the 15 lead SNPs, five were associated with lncRNA genes, suggesting a 

potential involvement in susceptibility or interactions between the host and fungus. Long 

non-coding RNA genes produce transcripts that exceed 200 nucleotides in length and do 

not undergo protein translation. Depending on the catalogue utilised, the total number of 

lncRNAs varies between 17,944 and 270,044 (337). These molecules regulate gene 

expression, chromatin structure, and cellular processes. They can function in gene 

silencing, scaffold protein complexes, contribute to immune function, and impact disease 

progression (337–340).  

I compared whole-genome sequencing data from the familial study with imputed 

genotypes to evaluate the performance of the CAAPA and TOPMed reference panels. I 

examined various metrics, including concordance rates, correlation, precision, recall, 

imputation quality scores, and non-reference discordance rates. My analysis revealed 

that imputation accuracy varied across different minor allele frequency bins, with 

performance differences observed across different MAF ranges. The CAAPA consistently 

outperformed TOPMed, making it the superior option for genotype imputation in 

Sudanese datasets. This emphasises the importance of selecting appropriate reference 
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panels to achieve accurate genotype imputation and underscores the significance of 

including various African populations in frequently used reference panels. 

This pioneering study marks the first-ever attempt to estimate the genetic heritability of 

mycetoma. The study’s findings revealed that a significant proportion of the disease's 

heritability was attributed to common genetic variants, which account for a staggering 

78% of the total heritability. Nonetheless, it's essential to recognise that heritability alone 

does not pinpoint specific risk variants, warranting further investigations to fine-map the 

exact genetic variants involved. 

Despite the potential underpowering of the GWAS, the results serve as a fruitful starting 

point for further exploration of gene-environment interactions. The fact that only half of 

the collected samples were genotyped does not diminish the value of the findings, which 

can provide valuable insights into the complex interplay between genetic and 

environmental factors. However, it is imperative to replicate these findings with larger 

sample sizes and give due consideration to the significant disparities in association 

patterns across various ethnolinguistic groups. This is a crucial factor to keep in mind for 

forthcoming genetic studies undertaken in the region. 
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CHAPTER 6 - Exploring genetic pathways to mycetoma 

susceptibility: a profound discussion 

6.1 Overview 

The research presented in this thesis is the first to systematically explore the genetic 

factors contributing to mycetoma susceptibility. The research aimed to use familial and 

population data to determine the extent to which genetic factors contribute to mycetoma 

aetiology and identify rare and common genetic variants associated with the disease. I 

investigated various models of mycetoma inheritance using hypothesis-free approaches. 

I used data from consanguineous families to start with monogenic models and progressed 

to more complex models with population-based association studies. Through my thesis 

findings, I aimed to enhance our comprehension of the underlying mechanisms of 

mycetoma pathogenesis. This knowledge has the potential to revolutionise how we 

identify high-risk populations and individuals, as well as discover new drug targets. 

Ultimately, this could reduce disease burdens and improve health outcomes for 

vulnerable communities.  

6.2 Principle findings 

6.2.1 Host genetic factors in mycetoma: a review of key contributors 

In chapter two, I reviewed the previous research on genetic susceptibility to mycetoma to 

understand the knowledge gaps that needed to be filled. Additionally, I reviewed studies 

on genetic predisposition to other morphologically related fungal infections aiming to 

identify possible candidate genes associated with the neglected disease since the 

previous work was limited. Most previous studies on mycetoma host genetics adopted 

the candidate gene approach in which the researchers already had a predefined list of 

polymorphisms to test their association with mycetoma. The associated polymorphisms 

were located in 13 candidate genes belonging to four pathways: innate immunity, 

adaptive immunity, sex hormone biosynthesis and host enzymes. A gene-gene 

interaction network was constructed to gain insights into the interaction between these 

susceptibility genes and identify potential therapeutic targets. This analysis aimed to 

pinpoint central genes that could be targeted in the future. None of the candidate genes 
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was identified in this research's family-based or population-based studies. This is likely 

due to the small sample size in all the previous studies, which was at most 360 samples, 

and none was replicated. Small sample sizes in candidate gene approaches can hinder 

the statistical power and generalisability of results, potentially leading to spurious 

associations and limited applicability to the broader population (341). Moreover, without 

replication of findings in independent cohorts, the robustness and reliability of identified 

candidate genes come into question, impeding the establishment of causal relationships. 

These drawbacks were due to the disease’s low worldwide incidence, limited research, 

close association with impoverished communities, and insufficient funding dedicated to 

its investigation. Despite the complex and multifactorial nature of mycetoma, the research 

on host genetics was limited to the Mycetoma Research Centre in Sudan and Erasmus 

Medical Centre in the Netherlands, with the most recent research conducted in 2015 

(32,62,229). To advance genomic research in neglected tropical diseases like mycetoma, 

it is crucial to foster collaboration among researchers, healthcare institutions, and 

international organisations. This collaborative effort can improve patient outcomes and 

public health interventions. 

6.2.2 Familial insights into the genetic basis of mycetoma susceptibility 

In the fourth chapter, I conducted a thorough analysis using family-based data to 

determine the role of genetics in mycetoma predisposition. This involved examining 46 

pedigrees with 1024 individuals and the genomes of 22 individuals from four multi-case 

families. Through the pedigree analysis, I estimated the heritability (h2) of mycetoma and 

found that approximately 23% of the variation in the condition can be attributed to genetic 

factors. While this estimate offers significant insights into the susceptibility of mycetoma 

in Sudan, additional research is necessary to validate the findings in other regions where 

mycetoma is prevalent. This will broaden the scope of the investigation to different 

populations, revealing genetic susceptibilities that vary across diverse genetic 

backgrounds and environmental factors. This study’s estimate echoes findings from a 

study on malaria, a well-studied infectious disease, in Kenyan children, where host 

genetics accounted for approximately 24% of the total variability in malaria severity (342). 

The study on malaria heritability, along with similar studies in other countries, paved the 
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way for further research that identified specific genetic loci associated with protection or 

susceptibility to malaria (343). This example highlights the potential for research on 

mycetoma to follow a similar path, exploring the genetic factors that influence 

susceptibility and severity of the disease. Furthermore, I used the pedigree data to 

calculate the sibling recurrence risk ratio (𝜆𝑠) for mycetoma. This involved comparing the 

risk of a sibling of an affected individual developing mycetoma to the risk in the general 

population. The results showed that the ratio ranged from 18.4 to 28.7, indicating that the 

risk of a sibling developing the condition is at least 18 times higher than that of the general 

population. The two estimates served as the foundation for a more advanced genetic 

investigation utilising WGS.  

The WGS investigation centred around four families from Wad El Nimar village, each with 

a minimum of four cases of mycetoma. The genomes analysis identified four genes that 

could be potential candidates: DEFA3 in Family 1, CASP8 in Family 2, PLEKHO2 in 

Family 3, and RAPGEF2 in Family 4. The observation that the four families are from the 

same village, potentially connected at some ancestral level, raises intriguing questions 

about the genetic dynamics within the community. The discovery of four distinct candidate 

genes, especially in families 1 and 3, which share a connection through one individual 

002, adds complexity to the genetic landscape. Despite the expectation of identifying a 

shared variant among the families, none were common. This divergence could be 

attributed to the high genetic diversity in the Sudanese population (average number of 

variants across the four families’ genomes was ~4.6 million). The challenges of WGS 

could also be a possible explanation for this divergence, where rare variants with large 

effects might overshadow more common ones including low-impact non-coding or 

modifier variants. Modifier variants, in this context, refer to genetic elements that may not 

independently cause a condition but can influence its severity or manifestation. Further 

research is essential to unravel the intricate genetic interplay within these families and to 

uncover potentially overlooked common variants that could contribute to the 

understanding of mycetoma predisposition. 

Though the genetic variations within the genes differed in terms of their type, coding 

impact, and zygosity, network analysis revealed their interconnectedness. The 
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overrepresentation analysis determined that all four genes were part of two main 

pathways: the immune system and signal transduction. Figure 6.1 illustrates how these 

candidate genes may play a role in defending against eumycetoma. In Family 1, the 

candidate gene was DEFA3 from the myeloid α-defensins gene family. This gene family 

produces small, cysteine-rich peptides (made up of 29-30 amino acid residues) known as 

human neutrophil peptides (HNPs), which are crucial in innate immunity and host defence 

(289). Produced mainly by neutrophils and other immune cells (344), they exhibit potent 

antimicrobial properties, effectively targeting bacteria, fungi, and some viruses by 

disrupting cell membranes and interfering with microbial processes (345). These peptides 

play a pivotal role in the immune response, acting as rapid responders to infection or 

inflammation and aiding in the recruitment of immune cells (346). They can trigger 

macrophages to release TNF-α and IFN-γ and enhance bacterial phagocytosis (347). 

They can also increase the expression of TNF-α and IL-1β in monocytes activated with 

Staphylococcus aureus (348). During pulmonary inflammation, they upregulate IL-8 

expression in airway epithelial cells, attracting and recruiting a greater number of 

neutrophils to the site of injury or infection (349). Beyond their direct antimicrobial 

functions, HNPs participate in wound healing and the regulation of angiogenesis (350–

352). The mechanisms of α-defensins against fungal pathogens are poorly understood, 

and there is a lack of specific mechanistic data regarding their interactions with fungi  

(353). While α-defensins are primarily recognised for their antimicrobial activity against 

bacteria, their interactions with fungi and other pathogens may involve different 

mechanisms that remain to be elucidated. Based on these peptides' antimicrobial and 

immunomodulatory properties, I postulated the role of α-defensins, including DEFA3, in 

immunity against eumycetoma (Figure 6.1C). It is plausible that α-defensins play a part 

in the initial immune response against the fungal pathogens, aiding in their neutralisation. 

Their cationic nature may enable them to interact with fungal membranes, disrupting the 

integrity of the fungal cells. Additionally, α-defensins might contribute to the recruitment 

of immune cells and the modulation of the inflammatory response in eumycetoma. 

However, a deeper understanding of their precise mechanisms and effectiveness against 

eumycetoma causative agents is needed. Experimental studies and in vitro assays that 

explore the interactions between α-defensins and fungal pathogens are necessary to 
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shed light on the potential role of these peptides in antifungal immunity and their 

therapeutic implications for eumycetoma management. 

The second candidate gene identified in Family 2 cases was CASP8, which encodes 

caspase-8, a crucial member of the caspase family of proteases that plays a multifaceted 

role in regulating immunity and immune responses. Its involvement in immunity primarily 

regulates programmed cell death, particularly apoptosis and pyroptosis (354). While its 

specific functions in fungal immunity are still being explored, several insights shed light 

on its contributions (355). Perhaps the most relevant to mycetoma is its role in 

inflammasome activation, an integral component of the innate immune response to fungal 

infections (356–358). Activation of the noncanonical inflammasome leads to the release 

of proinflammatory cytokines like IL-1β and IL-18, which are essential for host antifungal 

defences. This pathway has been suggested by previous studies on eumycetoma 

pathogenesis that linked elevated serum levels of pro-inflammatory cytokines such as IL-

1β to surgical treatment, smaller lesion size and shorter disease duration (48,357). In this 

study, CASP8 was identified to be central in network analysis and was the only candidate 

present in the top three overrepresented pathways (innate immune system, immune 

system, and signal transduction), indicating a promising role in immunity against 

mycetoma (Figure 6.1B). On the contrary, the third candidate gene, PLEKHO2 (identified 

in Family 3), inhibits  cell death pathways. The encoded protein possesses a pleckstrin 

homology (PH) domain that plays a role in intracellular signalling and cell survival (359). 

PLEKHO2 modulates cell death processes such as apoptosis and necroptosis by 

interacting with crucial signalling molecules like caspase-8 and receptor interaction 

protein kinase 1 (RIPK1)  (310,360). In one study, the researchers observed upregulated 

expression of PLEKHO2 during macrophage differentiation and maturation (310). To 

elucidate the physiological role of PLEKHO2, they generated PLEKHO2-knockout mice, 

finding that they were viable, healthy, and fertile without apparent developmental 

abnormalities. However, PLEKHO2-deficient mice exhibited decreased macrophage 

populations in the spleen, peritoneal cavity, and blood. Additionally, bone marrow-derived 

macrophages (BMDMs) lacking PLEKHO2 displayed increased apoptotic cell death in the 

absence of macrophage-colony stimulating factor (M-CSF) despite unaffected BMDM 

differentiation and proliferation.  
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Figure 6.1 Proposed roles of WGS candidate genes in immunity against eumycetoma. (A) 

RapGEF2 role in T-cell receptor (TCR) signalling. Upon TCR triggering, phospholipase C-γ (PLC-

γ) is activated. This enzyme cleaves phosphatidylinositol-(4,5)-bisphosphate (PtdIns(4,5)P2) to 

produce two crucial second messenger molecules, polyunsaturated diacylglycerol DAG and 

inositol-(1,4,5)-trisphosphate (Ins(1,4,5)P3). DAG accumulation in the plasma membrane 

activates protein kinase C (PKC) and protein kinase D (PKD). PKCθ associates with RapGEF2 

and phosphorylates it on Ser960, facilitating the activation of Rap1. When Rap1 is activated, LFA-

1's adhesiveness to its binding partner ICAM-1 increases, resulting in an overall increase in 

adhesiveness of the T-cell to the antigen-presenting cell (APC). (B) Role of Caspase-8 mediated 

activation of IL-1β. Stimulation of dectin-1 with the fungal β-glucan leads to engagement of spleen 

tyrosine kinase (Syk) that triggers activation of nuclear factor-kappa B (NF-κB) and transcription 

of the gene encoding pro-IL-1β via the CARD9–Bcl10–MALT1 complex.  The production of 

bioactive IL-1β is then done by the noncanonical inflammasome composed of CARD9, B cell 

lymphoma 10 (Bcl10), mucosa-associated lymphoid tissue 1 (MALT1) and caspase-8. 

Conversely, PLEKHO2 plays a pivotal role in macrophage survival. It acts as a crucial inhibitor of 

apoptosis, dependent on RIPK1 kinase activity, thus exerting significant control over cell death 

pathways, particularly in response to TNFα signalling. (C) Potential mechanisms by which α- 
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defensins enhance host antifungal immunity via (1) facilitating fungal antigen uptake through 

defensin-mediated internalisation and (2) Fungal cell membranes permeabilisation through the 

fusion of granules that contain abundant HNPs to phagosomes. In this setting, fungi are exposed 

to a high concentration of HNPs, which insert into the lipid bilayer, leading to transmembrane pore 

formation. (3) In extracellular regions, HNPs could be chemotactic for immature dendritic cells 

and T-cells. Figure created using BioRender.com based on mechanistic data on defensins 

(291,361–363), caspase-8 (364–367), PLEKHO2 (310,360) and RAPGEF2 (368–371).  

Furthermore, PLEKHO2 deficiency led to heightened activation of apoptosis-inducing 

caspases (caspase-3) and initiator caspases (caspase-8 and -9) in BMDMs. These 

findings provided genetic evidence supporting the role of PLEKHO2 in macrophage 

survival. In a later study, the same team identified PLEKHO2 as an inhibitor of apoptosis 

and necroptosis, and this inhibitory effect was dependent on the kinase activity of 

RIPK1(360). PLEKHO2 protected RIPK1 ubiquitination, inhibiting its activation, impeding 

complex II formation, and ultimately preventing cell death in response to TNFα (Figure 

6.1B). Although the exact mechanism and clinical implication of the identified 

homozygous missense variant in Family 3 (NM_025201.5:c.379G>A) need to be 

investigated, PLEKHO2 represents an intriguing protein in the context of immune-related 

processes and potential therapeutic targets. 

The final candidate identified in Family 4 was RAPGEF2, which is central to TCR 

signalling (Figure 6.1A). It acts as a guanine nucleotide exchange factor (GEF) for the 

small GTPase Rap1, a pivotal player in this signalling cascade (371). When TCR 

engagement occurs upon contact with APCs, RAPGEF2 initiates 'inside-out' signalling 

mechanisms. The primary function of RAPGEF2 is to activate integrins, especially the 

integrin LFA-1, through the activation of Rap1 (370). This activation leads to 

conformational changes in integrins, increasing their affinity for ligands on the APC 

surface. Consequently, RAPGEF2's actions enhance adhesion between T-cells and 

APCs, facilitating stable and long-lived interactions crucial for effective immune 

responses and T-cell activation. Mahgoub and his colleagues postulated in 1977 that 

genetic defects in cell-mediated immunity play a significant role in the pathogenesis of 

eumycetoma (29). Variations in this gene, such as the missense variant identified in 

Family 4 (NM_014247.3:c.700A>G), may have implications for eumycetoma by 
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influencing the immune response, the localisation of immune cells to affected tissues or 

the degree of inflammation associated with the disease. However, this requires further 

investigation to understand better the role of RAPGEF2 (and its subsequent gene 

variation) in the complex interactions between the immune system and the eumycetoma 

causative agents.  

The prevalence of cystic fibrosis (CF) in Sudan is notably low, with only 35 reported cases 

(372). In that case series study, the consanguinity rate (%) among the patients’ families 

was 71.4%. The genetic testing of the underlying CFTR gene variants was done only on 

three patients and identified two variants: c.3305G>A and c.1736A>G. The affected 

individuals displayed indications of pulmonary disease, with both S. aureus and 

Pseudomonas aeruginosa in their sputum (372). In the mycetoma WGS study, the 

affected brothers in Family 1 were carriers of a rare missense variant, c.3485G>A 

(p.Arg1162Gln) in the CFTR gene. According to the ACMG criteria, this variant was likely 

pathogenic, as depicted in Table 4.8. Furthermore, this variant had never been reported 

in Sudan, other Arab, or African countries (373,374), thereby suggesting a further 

investigation since there is a possibility that the occurrence of CF is higher in African 

populations than previously thought. However, past research might have primarily 

concentrated on identifying prevalent European mutations, such as deltaF508, which was 

detected at a lower frequency of 48% in Africa compared to the global average of 70–

90% (375). Moreover, CF may be more prevalent than currently recognized, potentially 

being underdiagnosed due to its shared clinical presentation with other prevalent 

diseases. The manifestation of CF with symptoms like failure to thrive could lead to 

misdiagnosis, particularly as it might be initially perceived as malnutrition. Furthermore, 

the onset of S. aureus pneumonia as the primary lung infection in CF cases could add to 

the challenge of accurate diagnosis, especially considering the subsequent emergence 

of more problematic pathogens like P. aeruginosa and Mycobacterium abscesses. The 

prevalence of diarrheal diseases, especially in contexts of poor nutrition, raises the 

question of a potential heterozygous advantage in maintaining the high frequency of 

detrimental CF mutations. This advantage has been theorized to provide protection 

against diarrheal diseases, prevalent in Africa. While CF is commonly associated with 

individuals of European ancestry who may not be exposed to certain pathogens, there 
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may be a broader association with other infections, such as mycetoma, within the 

Sudanese population. 

Consanguinity was a significant influencer in this family-based study (section 4.4). In 

societies where consanguinity is a common practice (as the one targeted in the WGS 

study) or where the population is small and isolated, various effects have been observed, 

such as a higher likelihood of monogenic disorders and the increased risk of complex 

diseases that involve recessive variants with intermediate or large effect sizes (335). In 

these isolated communities, limited gene flow and a smaller gene pool contribute to the 

preservation of genetic variations, including rare mutations that might be associated with 

increased susceptibility to infectious diseases. Understanding the impact of consanguinity 

on genetic variation and susceptibility to mycetoma in isolated communities such as the 

one in Wad El Nimar village is crucial for implementing targeted public health measures, 

genetic counselling, and tailored interventions to address the health challenges posed by 

this condition. 

6.2.3 Decoding mycetoma susceptibility through population-based genome-wide 

association studies 

Chapter 5 of the research primarily focused on identifying common genetic variations 

associated with mycetoma. However, the study's diverse cohort of individuals from 77 

different ethnic groups, spread across the 18 states of Sudan, offered a unique 

opportunity to examine inbreeding within this population. This was the most extensive 

genomic dataset used to estimate the Sudanese population's genomic inbreeding 

coefficient (FROH). Pedigree-based estimates of consanguinity and homozygosity have 

limitations, notably in capturing distant generation close-kin marriages and 

underestimating cumulative inbreeding effects (124). Therefore, the genotyping data was 

employed to estimate the FROH by identifying uninterrupted runs of homozygosity (ROH). 

This approach provides a more comprehensive understanding of inbreeding effects by 

considering the uninterrupted stretches of homozygous regions in the genome, offering 

insights beyond the constraints of pedigree-based assessments (124). The mean FROH 

value in the dataset was one of the highest globally, standing at 0.0317 (336). This 

estimate indicated that the level of consanguinity in the Sudanese population has 
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remained consistent over time. According to a study conducted by Saha et al. in 1988, 

the population of Khartoum, Sudan, exhibited an inbreeding coefficient of 0.032 based on 

data on spousal relationships (120). The rate of consanguinity, which has consistently 

exceeded 40% from 1988 to 2023, provides substantial evidence for its persistence 

(120,121). This finding underscores the need for further research and inquiry into the 

potential genetic implications of such high rates of consanguineous marriages. 

The GWAS was underpowered due to the fact that only half of the collected samples were 

genotyped while the other half were lost during the ongoing war in Sudan. A p-value cut-

off of <1.0x10-5 was used for the association testing to identify suggestive associations. 

This threshold was selected to avoid false negative results, particularly in African 

populations with weaker LD (157,165). Moreover, given that this is the first GWAS on 

mycetoma, the objective was to retain as many associated markers as possible for future 

replication studies. By utilising GCTA and SAIGE software packages, I pinpointed 15 

SNPs associated with mycetoma. Notably, both software packages found three SNPs 

that may protect against mycetoma. Two of the SNPs, rs319883 and rs10520048, are 

intronic variants located in lncRNA genes (DPH6-DT and RP11-184D12.1, respectively) 

on chromosome 15. The third SNP, rs16861260, is an intergenic variant located 1.12 kb 

downstream from UCF3 on chromosome 3. The minor alleles of these SNPs were all 

associated with a lower susceptibility to mycetoma, with rs16861260 offering the highest 

level of protection (around 4.6-fold), with an odds ratio (OR) of 0.22. Additionally, the C 

minor alleles of the other two SNPs, rs319883 (p = 5.87E-06) and rs10520048 (p = 3.00E-

06) on chromosome 15, provided roughly 2.3-fold protection against susceptibility to 

mycetoma, with odds ratios of 0.44 for both SNPs. 

In silico functional mapping strategies (positional mapping, eQTL mapping, and chromatin 

interaction mapping) revealed that the minor allele A of rs16861260 was associated with 

higher relative expression levels of SIDT1, BTLA, and GCSAM in EBV-transformed B 

lymphocytes. Moreover, GCSAM exhibited relative upregulation in suprapubic and lower 

leg skin tissues. Among the three genes, the most promising candidate was BTLA, which 

encodes an essential co-signalling molecule that falls under the CD28 superfamily. It 

shares its structure and function with programmed cell death-1 (PD-1) and cytotoxic T 
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lymphocyte associated antigen-4 (CTLA-4) (376). BTLA is present in most lymphocytes, 

and its primary function is to induce immunosuppression by inhibiting the activation and 

proliferation of B and T cells (376). According to a previous study, BTLA+ αβ T cells have 

a central memory phenotype that helps fight Mycobacterium tuberculosis (Mtb) infection 

(377). These cells exhibit increased cell proliferation and cytokine secretion, indicating 

that BTLA expression in αβT cells plays a crucial role in protective immune memory 

against Mtb infection among patients with active pulmonary tuberculosis. Gene set and 

pathway enrichment analyses revealed significant enrichment in the negative regulation 

of lymphocyte migration (Adj. p-value = 0.036). This process is crucial for regulating 

immune responses, as controlled migration of lymphocytes is essential for effective 

immune surveillance and response to infection. The genes GCSAM, CD200 and its 

receptor CD200R were associated with the negative regulation of lymphocyte migration. 

CD200 is a glycoprotein expressed on various cell types that serves as an immune 

checkpoint by interacting with its receptor, CD200R, to inhibit immune responses, 

particularly in myeloid cells (378). The CD200-CD200R interaction is crucial in 

maintaining immune homeostasis and preventing excessive inflammation (379). All the 

previously mentioned genes were associated with the highest-scoring SNP, rs16861260. 

Thus, suggesting a potential functional impact of this genetic variant on the expression of 

genes associated with lymphocyte function and migration regulation and providing 

insights into this genetic locus's immunological implications. Moreover, gene set 

enrichment analysis revealed a significantly enriched immunologic signature related to 

genes upregulated in BMDMs from STAT6 knockout mice (Adj. p-value = 0.01). This 

refers to a set of genes that exhibit increased expression in macrophages derived from 

bone marrow cells where the STAT6 gene has been knocked out (380). STAT6 is a 

transcription factor that plays a crucial role in the signalling pathway of IL-4 and IL-13 

(381), members of the Th2 family of cytokines (382). The candidate genes belonging to 

this immunologic signature gene set were associated with the top SNPs, rs1868403 on 

chromosome 2, rs16861260 on chromosome 3, rs4076072 on chromosome 7 and 

rs319883 on chromosome 15. 

I evaluated the performance and accuracy of two commonly used reference panels 

(CAAPA and TOPMed) for genotype imputation of our Sudanese GWAS dataset. By 
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comparing WGS data with imputed genotypes, I assessed various metrics, including 

concordance rates, R-squared values, precision, recall, and imputation quality scores. I 

investigated the impact of MAF bins on imputation accuracy and observed variations in 

performance across different MAF ranges. The comparison between CAAPA and 

TOPMed for genotype imputation revealed significant consequences associated with 

underrepresentation of Africans. Despite TOPMed's extensive dataset, which is 

considered the most comprehensive and diverse panel with 97,256 individuals (~22% of 

African ancestry (161)), it showed lower accuracy when applied to our Sudanese dataset. 

The consistent outperformance of CAAPA (n = 883) highlights the limitations of relying 

on broad panels that lack adequate representation from specific populations. This 

discrepancy in imputation performance emphasizes the critical need for inclusivity in 

reference panels. The superiority of CAAPA in our Sudanese context suggests that its 

inclusion of individuals of solely African ancestry significantly enhances its effectiveness. 

Therefore, it is urgent to refine reference panels to be more region-specific and inclusive, 

ensuring a more accurate representation of genetic variations in populations with distinct 

demographic histories, such as those in Northeast Africa. In a recent study, a dataset 

from various regions of Africa, including Kenya (East), Ghana and Burkina Faso (West), 

and South Africa (South), was utilised to evaluate distinct imputation reference panels 

(383). The outcomes indicated that TOPMed was the most efficient. Nonetheless, when 

considering our Northeastern population, CAAPA, comprising individuals of African 

heritage residing in the Americas, alongside some Atlantic African individuals (284), was 

a more practical alternative for genotype imputation. Albeit a relatively compact panel, it 

demonstrated to be a valuable selection. 

This study also estimated that 78% of mycetoma's genetic heritability could be attributed 

to common genetic variants, marking a significant step in understanding the genetic basis 

of the disease. However, it's crucial to note that while heritability is high, the specific risk 

variants remain unidentified, necessitating further investigations for fine mapping.  

6.3 Conclusions 

i. The foundational base for this research rests on familial aggregation estimates, 

providing key insights into the genetic underpinnings of mycetoma. The heritability 
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(h2) of mycetoma was estimated at approximately 23%, signifying a substantial 

genetic contribution to the condition. Moreover, the sibling recurrence risk ratio (𝜆𝑠) 

ranged from 18.4 to 28.7, indicating a significantly elevated risk for siblings of 

affected individuals compared to the general population. These estimates form the 

bedrock upon which subsequent genetic investigations were built. 

ii. Whole-genome sequencing (WGS) was pivotal in identifying candidate genes 

associated with mycetoma susceptibility. Notable candidates such as DEFA3, 

CASP8, PLEKHO2, and RAPGEF2 were uncovered, shedding light on potential 

players in the immune response against mycetoma. DEFA3 from the α-defensins 

gene family emerged as a promising candidate, with its antimicrobial properties 

and implications for innate immunity. CASP8, encoding caspase-8, was identified 

as central in network analysis and exhibited a promising role in immunity against 

mycetoma. PLEKHO2, known for its inhibitory effect on cell death pathways, 

demonstrated a unique role in macrophage survival, protecting against apoptosis. 

RAPGEF2, crucial in T-cell receptor signalling, indicated potential implications for 

the immune response against mycetoma, linking T-cell activation and effective 

immune responses to the disease. These candidate genes shall be validated and 

can collectively present intricate connections within immune pathways, providing 

a foundation for understanding the genetic basis of mycetoma susceptibility. 

iii. The Genome-Wide Association Study (GWAS) uncovered promising genetic 

markers associated with mycetoma susceptibility. The identified 15 SNPs 

exhibited suggestive associations with three notable candidates (rs16861260, 

rs319883, and rs10520048). Utilising a less stringent p-value cut-off of <1.0x10-5 

to identify suggestive associations, the analysis highlighted the potential protective 

effects of specific alleles, notably with rs16861260 offering a remarkable 4.6-fold 

decrease in susceptibility. In silico functional analyses delved into the mechanistic 

implications of these genetic markers, emphasising the significance of genes like 

BTLA in immune regulation. 

The fact that only half of the samples were genotyped does not diminish the value 

of these findings. On the contrary, it emphasises the robustness of the observed 

associations and their potential to unravel critical aspects of mycetoma 
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susceptibility. With an impressive SNP heritability (h2
SNP) of nearly 80%, these 

findings provide a strong foundation for future explorations, warranting a more 

extensive sample size to elucidate the intricate genetic factors contributing to 

mycetoma comprehensively. 

iv. Exploration of the genetics of the Sudanese population revealed unique 

characteristics. The genomic inbreeding coefficient (FROH) was one of the highest 

globally, standing at 0.0317, indicating a consistent level of consanguinity over 

time. The study also emphasised the superiority of African ancestry reference 

panels, particularly CAAPA, over TOPMed for the Sudanese population in 

genotype imputation. The underperformance of TOPMed in our Sudanese dataset 

underscores the necessity of expanding and refining reference panels to include 

diverse populations, particularly those from regions historically underrepresented. 

This improvement will not only enhance the accuracy of downstream genetic 

studies but also ensure equitable benefits from genomic research for all 

populations, preventing biases and contributing to a more inclusive understanding 

of genetic factors across diverse human groups. 

This research collectively advances our understanding of mycetoma's genetic basis, 

providing valuable insights for future investigations and potentially informing targeted 

interventions. 

6.4 Limitations  

The Lack of functional studies pose a notable limitation in assessing the potential 

pathogenicity of the identified WGS candidate variants and understanding their 

mechanistic roles in mycetoma pathogenesis. While the genetic information offers 

valuable insights, a comprehensive understanding of these variants' functional 

implications necessitates further investigations into their specific roles and impact on 

the disease. 

The GWAS conducted in this research faced challenges related to sample size. The 

study was considered underpowered as only half of the initially collected samples 

were genotyped. Tragically, the other half of the samples was lost during the conflict 

in Sudan before they could be processed for genotyping. This loss underscores the 
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broader challenges associated with conducting research in regions affected by 

conflict, where external factors can significantly impact the execution and outcomes 

of scientific investigations. 

Collecting data in rural Sudan through field missions faced logistical hurdles, 

especially during the rainy season from June to September. Roadblocks, which were 

likely worsened by adverse weather conditions, presented significant challenges to 

the research team's mobility. These obstructions not only affected the efficiency of 

data collection but also highlighted the practical difficulties of conducting scientific 

research in geographically challenging and politically unstable environments. 

Conducting research in low- and middle-income countries (LMICs) poses substantial 

challenges rooted in systemic issues. Limited investment in research infrastructure 

and insufficient funding for research activities present formidable obstacles. The 

global funding dynamics frequently reflect high-income countries (HICs) agendas, as 

seen in the application of tools developed in HICs for genetic studies in LMICs without 

adequate consideration of population structure differences. Neglected diseases, 

prevalent in LMICs, may struggle to secure funding due to perceived irrelevance to 

HICs, exacerbating health disparities. Moreover, the increased risk of political 

instability in some LMICs, like Sudan, adds an additional layer of complexity, 

impacting the continuity and safety of research initiatives. Researchers in these 

settings often find themselves competing with more immediate and essential health 

needs, such as access to clean water, sanitation, and vaccinations, which may take 

precedence in resource allocation. Collectively, these challenges underscore the 

critical need for global research initiatives that address the unique contexts and 

priorities of LMICs to foster equitable advancements in science and healthcare. 

6.5 Future directions 

Securing a more extensive set of samples from affected individuals, with a particular 

focus on the grandchildren generations, is critical for advancing the WGS familial 

study. The inclusion of additional samples is essential to robustly confirm the 

segregation of predisposing variants identified in the WGS familial study, providing a 
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more comprehensive understanding of the genetic landscape associated with 

mycetoma in familial contexts. 

To enhance the validity of genetic findings, future directions should prioritize 

conducting functional studies to validate the pathogenicity of candidate variants and 

elucidate their roles in the molecular development of mycetoma. By delving into the 

functional aspects of these variants, we can bridge the gap between genetic 

associations and the mechanistic understanding of how these variants contribute to 

the disease's manifestation. 

The WGS study highlights the possibility of conducting additional research on the 

CFTR gene among Sudanese communities. Analysing other Sudanese genome 

sequencing data for variations in the CFTR gene could reveal wider connections 

beyond cystic fibrosis. This method could provide valuable information on genetic 

factors that affect susceptibility or immunity to different infections, including 

mycetoma. 

While the GWAS has unveiled potential genes linked to mycetoma susceptibility, it 

was hampered by limitations in statistical power and failed to achieve the intended 

sample size. A crucial next step involves completing the planned GWAS sample size 

to bolster statistical robustness and conclusively confirm the associations identified. 

This larger sample size is pivotal for ensuring the reliability and generalizability of the 

genetic associations uncovered by the study. 

In culmination, this research has not only established the substantial heritability of 

mycetoma at approximately 23% but has laid the foundational base for further genetic 

investigations. Findings from whole-genome sequencing and genome-wide association 

studies have identified promising candidate genes and genetic markers, proposing 

unprecedented insights into the immune response against mycetoma. Moreover, the 

exploration of the Sudanese genetic population has unveiled unique characteristics and 

emphasized the importance of diverse reference panels for accurate genomic studies. 

Collectively, these findings not only advance our understanding of mycetoma 

susceptibility but also pave the way for targeted control and prevention strategies, offering 

hope for improved health outcomes in affected populations globally. 
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Abstract 
 
Mycetoma is one of the badly neglected tropical diseases, characterised by subcutaneous 

painless swelling, multiple sinuses, and discharge containing aggregates of the infecting 

organism known as grains. Risk factors conferring susceptibility to mycetoma include envi-

ronmental factors and pathogen factors such as virulence and the infecting dose, in addition 

to host factors such as immunological and genetic predisposition. Epidemiological evidence 

suggests that host genetic factors may regulate susceptibility to mycetoma and other fungal 

infections, but they are likely to be complex genetic traits in which multiple genes interact 

with each other and environmental factors, as well as the pathogen, to cause disease. This 

paper reviews what is known about genetic predisposition to fungal infections that might be 

relevant to mycetoma, as well as all studies carried out to explore host genetic susceptibility 

to mycetoma. Most studies were investigating polymorphisms in candidate genes related to 

the host immune response. A total of 13 genes had allelic variants found to be associated 

with mycetoma, and these genes lie in different pathways and systems such as innate and 

adaptive immune systems, sex hormone biosynthesis, and some genes coding for host 

enzymes. None of these studies have been replicated. Advances in genomic science and 

the supporting technology have paved the way for large-scale genome-wide association 

and next generation sequencing (NGS) studies, underpinning a new strategy to systemati-

cally interrogate the genome for variants associated with mycetoma. Dissecting the contri-

bution of host genetic variation to susceptibility to mycetoma will enable the identification of 

pathways that are potential targets for new treatments for mycetoma and will also enhance 

the ability to stratify ‘at-risk’ individuals, allowing the possibility of developing preventive and 

personalised clinical care strategies in the future. 

 

Background 

Mycetoma is a badly neglected tropical disease. It is a chronic granulomatous infectious dis-

ease characterised by painless subcutaneous swelling associated with multiple sinuses and dis-

charge that contain aggregates of the infecting organism known as grains [1,2]. The disease is 

classified according to its causative organisms into actinomycetoma, which is caused by 

actinomycetes bacteria, and eumycetoma, which is caused by fungi [3]. The suspected route of 

infection is through traumatic inoculation of environmental microorganisms into the 

http://orcid.org/0000-0002-2582-655X
https://doi.org/10.1371/journal.pntd.0008053
http://creativecommons.org/licenses/by/4.0/
http://creativecommons.org/licenses/by/4.0/
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subcutaneous tissue [4,5]. Other mechanisms of transmission (for example, inoculation via insect bites) have not been excluded. 

Mycetoma has a worldwide distribution, but it is endemic in tropical and subtropical regions in what is known as the ‘mycetoma belt’ 

between the latitudes of 15˚S and 30˚N. This belt includes Sudan, Somalia, Senegal, Yemen, India, Mexico, Venezuela, Columbia, and 

Argentina [6,7]. Sudan seems to be the most highly endemic country for mycetoma worldwide [8]. Mycetoma is seen more frequently 

amongst impoverished communities in remote rural areas [9]. The majority of mycetoma patients are of low socioeconomic status with 

little health education. Hence, most of the patients present late with advanced disease, massive deformity, disability, and high morbidity 

[10,11]. 

Mycetoma was only recently recognised as a neglected tropical disease in May 2016 by the World Health Organization (WHO) [8,12], 

and much of the basic information on mycetoma is lacking, including the true incidence, prevalence, and burden of disease; the route of 

infection; and which risk factors predispose individuals to disease susceptibility. Risk factors that could predispose individuals to 

mycetoma include environmental factors such as climatic conditions and pathogen factors such as virulence and the infecting dose, in 

addition to host factors such as immunological status, genetic predisposition, nutritional status, immunosuppression from HIV,  

coinfections, and use of drugs such as antibiotics or steroids. 

The host immune response towards mycetoma-causative organisms has been studied on a limited scale, targeting only a few of the 

approximately 70 different causative microorganisms of mycetoma. Innate immune responses are a prominent factor in mycetoma 

because the role of neutrophils in the early defence against mycetoma was demonstrated in previous studies that reported the presence 

of large numbers of neutrophils in the mycetoma lesion [13,14]. There are 3 host tissue reactions to mycetoma, which include neutrophil 

adherence and degranulation, resulting in grain disintegration; replacement of neutrophils with macrophages to engulf grain and 

neutrophil debris; and formation of epithelioid granuloma [14]. Cell-mediated immunity is also required for immunity in mycetoma, 

with T  lymphocytes playing a central role. T  helper (Th) type 1 lymphocyte responses provide protective immunity against mycetoma, 

whilst progression of the disease is linked to Th2 immune response, as previously demonstrated by the significantly higher levels of Th2 

cytokines (interleukin [IL]-4, IL-5, IL-6, and IL-10) in mycetoma patients [15–17]. A recent study also pointed a possible role of IL-35 

and IL-37 in the pathogenesis of Madurella mycetomatis-induced eumycetoma [18]. In 1977, Mahgoub and colleagues suggested that 

genetic defects in underlying cell-mediated immunity [19] may play a role in the pathogenesis of eumycetoma [16]. Coinfection with 

schistosomiasis was found to be associated with susceptibility to mycetoma in a small case–control study of 84 subjects in Sudan [16]. 

The authors hypothesised that the prolonged Th2 response, induced by schistosomiasis, predisposed individuals to develop mycetoma 

[16]. The humoral arm of the acquired immunity against mycetoma was evaluated by Wethered and his colleagues using an enzyme-

linked immunosorbent assay (ELISA) to measure immunoglobulin levels in serum collected from cases and controls [20]. High levels of 

immunoglobulin M (IgM) were seen in most patients with mycetoma due to M. mycetomatis, whereas low levels of specific IgG were 

detected in some patients. Additionally, IgM, IgG, and complement factors were identified on the surface of the grains taken from 

actinomycetoma lesions caused by Streptomyces somaliensis [15]. 

In this review, genetic predisposition to fungal infections resembling mycetoma was reviewed to give clues about similar genetic 

variations that predispose individuals to mycetoma. Additionally, all studies that were previously done to explore host genetic 

susceptibility to mycetoma were also included. 
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Methods 

An extensive literature review was conducted using the electronic databases PubMed/MED-LINE and Google Scholar. The search 

included combinations of the following key words: ‘mycetoma’, ‘polymorphisms’, and ‘genetic susceptibility’ for reviewing articles 

regarding susceptibility to mycetoma. For genetic susceptibility to fungal infections, the key words ‘fungal’, ‘infection’, ‘mycoses’, and 

‘genetic susceptibility’ were used as search terms. All articles identified through the 2 electronic databases were analysed to ensure they 

were within the scope of this review. Only papers written in English were included, and year of publication was not restricted. 

 

Host genetic susceptibility to mycetoma and other fungal infections 

Whilst there is a clear link to low socioeconomic development, only a proportion of people exposed to mycetoma-causing organisms 

develop clinical disease, despite a shared environment and the ubiquitous environmental presence of the pathogens in endemic areas. 

This observation raises the hypothesis that host genetic factors have a role in determining the out-come of infection. 

Three previous studies used ELISA to demonstrate the presence of antibodies against mycetoma-causative agents in the sera of unaffected 

residents in endemic areas, indicating exposure to the pathogens without development of disease [21–23]. 

Other evidence suggesting a genetic predisposition to mycetoma includes familial clustering of mycetoma patients, first observed by Al 

Dawi and her colleagues in 2013 in a hospital-based study at the Mycetoma Research Centre (MRC) that included 53 eumycetoma 

patients and 31 healthy controls [24]. This study showed that more than 62% of eumycetoma patients had at least one family member 

affected by the disease. A community-based study in 2014 also suggested a role for genetic inheritance, with more than half of patients 

(52%) having a family member with the disease [10]. In 2015, a comprehensive study from the MRC reported a family history of 

mycetoma in 12% of 6,792 patients seen during the period 1991–2014 [25]. No studies have been undertaken to date to estimate 

heritability, investigate the disease’s mode of inheritance, or confirm the genetic component of susceptibility towards mycetoma based 

on the previously observed familial clustering. It is important to note that families share their environment as well as their genes, but in 

communities affected by mycetoma, families with multiple cases live in close proximity to families who have no cases, suggesting gene–

environment interactions are indeed important. 

Finally, there is a good evidence in other fungal infections that host genetic factors deter-mine susceptibility to disease [26]. Examples 

include phaeohyphomycosis, chromoblastomycosis, candidiasis, and aspergillosis, in which a complex range of clinical phenotypes is 

also observed. 

In summary, there is some evidence suggesting host genetic factors as regulators of susceptibility to mycetoma and other fungal 

infections, but they are likely to be complex genetic traits in which multiple genes interact with each other and environmental factors, as 

well as the pathogen, to cause disease. It is therefore challenging to identify the genes involved. One approach that has successfully 

identified genes associated with infectious diseases is the characterisation of rare monogenic disorders that predispose individuals to 

infection. Whilst rare, investigation of such families offers insights into critical immune response pathways that can be further 

investigated at the population level. Examples here include mutations in genes within the interferon (IFN)-gamma pathway that 

predispose individuals to mycobacterial infection [27] or genes encoding terminal complement pathway components that predispose 

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 



224 
 

´  

P L O S  N E G L E C T E D  T R O P I C A L  D I S E A S E S  
 
 
individuals to meningococcal infection [28]. This approach has also been applied to fungal infections. 

 
 

Monogenic disorders and fungal infections 

Single-gene defects that lead to primary immunodeficiencies (PIDs) have helped to under-stand better the immunological defects that 

increase susceptibility to fungal infections. An example of an autosomal recessive PID is human caspase recruitment domain-containing 

protein 9 (CARD9) deficiency, which is caused by biallelic mutations in the gene CARD9 [29]. CARD9 encodes for an adaptor protein 

downstream from C-type lectin receptors (CLRs), which are pathogen recognition receptors (PRRs), like the Toll-like receptors (TLRs), 

that have a major role in fungal recognition [30]. In humans, CLRs (for example, dectin-1, dectin-2, and the macrophage inducible Ca 

2+-dependent lectin receptor MINCLE) that can recognise fungal pathogen-associated molecular patterns (PAMPs) and their adaptor 

molecule CARD9 have a critical role in antifungal host defence, and several studies highlighted an enhanced fungus-specific infection 

susceptibility as a consequence of mutations or deletions in CLRs or CARD9 [30,31]. For example, autosomal recessive mutations in 

CARD9 cause significant defects in the Th17 response because of decreased proportions of circulating IL17+  T  lymphocytes [32]; 

diminished production of IL1β and IL6, which are essential for priming Th17 cell differentiation; and impaired neutrophil killing [33]. 

Interestingly, 2 compound heterozygous mutations and 1 homozygous frameshift mutation in CARD9 were also found in patients with 

phaeohyphomycosis, which is a subcutaneous infection similar to mycetoma [34]. Phaeohyphomycosis is caused by several 

microorganisms, including Phialophora verrucose, which is one of the mycetoma-causative organisms [35]. The identified mutations did 

not affect CARD9 expression but resulted in lack of the wild-type mature CARD9 protein, which consequently decreased TH17 cell 

proportions and cytokine production and impaired patients’ immune responses. Recently, Queiroz-Telles and colleagues successfully 

used hematopoietic stem cell transplantation (HSCT) to treat 2 unrelated patients from Brazil and Morocco with deep/invasive 

dermatophytosis caused by CARD9 deficiency [36]. Both patients stopped antifungal therapy after achieving complete clinical remission, 

suggesting that the pathogenesis of fungal infections in these patients was mainly due to the disruption of leukocyte-mediated CARD9 

immunity. P. verrucosa causes another disease that resembles mycetoma known as chromoblastomycosis (CBM). Familial inheritance to 

CBM was suggested by Perez-Blanco and colleagues, with a 3.5 times higher risk of developing CBM amongst members of common 

ancestry in an endemic state in Venezuela [37]. In Brazil, Tsuneto and col-leagues found in a study involving 32 CBM patients and 77 

healthy matched controls that the human leukocyte antigen (HLA)-A29 was significantly associated with susceptibility to the dis-ease (P 

value = 0.03) [38]. The relative risk of individuals with HLA-A29 antigen was estimated to be 10-fold higher than those lacking the 

antigen. 

Another known PID is chronic granulomatous disease (CGD), which results from defects in genes encoding the NADPH oxidase 

subunits (CYBA and CYBB, encoding the cytochrome B-245 alpha and beta chains, respectively; and NCF-1, NCF-2, and NCF-4, 

encoding neutrophil cytosolic factors 1, 2 and 4), which together are critical for the generation of superoxide within phagocytes [39]. In 

65% of CGD cases, an X-linked recessive pattern of inheritance is found because of mutations in CYBB encoding subunit gp91phox. The 

remaining 35% of cases are autosomal recessive resulting from mutations in CYBA-, NCF-1–, NCF-2–, and NCF-4–encoding subunits 

p22phox, p47phox, p67phox, and p40phox, respectively. The mutations in the genes encoding NADPH oxidase subunits include deletions, 

frameshifts, and nonsense and missense mutations [40]. This defect in CGD phagocytes increases susceptibility to fungal infections 
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such as aspergillosis (in one-third of all CGD cases) [39] and candidiasis [41]. The important function of neutrophils in immunity 

against mycetoma has been demonstrated [1,42], suggest-ing that investigating similar mutations that potentially lead to impaired 

oxygen-dependent fungicidal activity in eumycetoma may be fruitful. 

Chronic mucocutaneous candidiasis (CMC) is a monogenetic immunodeficiency of cell-mediated immunity that develops as a 

consequence of defects in IL-17 and IL-22 immunity required for defence against fungal infections [43]. CMC is transmitted with 

autosomal dominant or recessive inheritance patterns and affects the skin, nails, and mucous membranes of affected patients [41]. The 

autosomal dominant pattern of CMC is mainly caused by gain-of-function missense mutations in the CC-domain of STAT1 (Signal 

Transducer And Activator Of Transcription 1), which encodes a critical transcription factor downstream from IFN-/ and IFN-

© signalling. These mutations led to defective Th1 and Th17 lymphocyte responses and reduced IL-17, IL-22, and IFN-© production, 

explaining the increased susceptibility to fungal infection [44]. In addition, mutations in IL17RA and IL17F have been associated with 

autosomal dominant CMC, leading to impaired IL-17 immunity [44]. Autosomal recessive CMC results from a rare condition, 

autoimmune polyendocrinopathy candidiasis ectodermal dystrophy (APECED), which in turn results from mutations in the 

autoimmune regulator (AIRE) gene [39]. AIRE encodes a transcriptional regulator expressed by medullary thymic epithelial cells to 

regulate the expression of peripheral tissue-specific self-antigens and promote central tolerance via deletion of self-reactive T  cells [45]. 

Loss-of-function mutations in AIRE lead to the production of neutralising autoantibodies against important cytokines with anti-fungal 

properties such as IL-17E, IL-17F, and IL-22 [46]. 

Since deficiency in cell-mediated immunity in mycetoma patients was previously suggested by Mahgoub and colleagues [19], the 

presence of similar mutations in eumycetoma should be studied. The importance of IL-17 immunity against Aspergillus fumigatus and 

Fusarium oxysporum, which are both causative agents of mycetoma [47,48], was demonstrated by Taylor and colleagues in murine 

models of fungal keratitis [49]. Both IL-17–producing neutrophils and Th17 cells conferred protective immunity against fungal hyphae 

and regulated the severity of corneal disease. In humans, Siddig and colleagues demonstrated the expression of IL-17A in the granuloma 

of different mycetoma-causative agents, reaffirming the importance of Th17 immunity against mycetoma infection [50]. 

 
 

Polygenic disorders and fungal infections 

Although very informative, single-gene mutations leading to fungal infections are relatively rare in the general population, in which 

complex inheritance of traits is more likely. Recent advances in genome interrogation technologies have enabled researchers to detect 

genetic variations that predispose susceptibility to fungal infections and the interplay between innate and adaptive immune cells in 

addition to other effector cells that together constitute the host immune response to fungal invasion [41,51]. For example, genetic 

susceptibility to candidiasis was investigated using genome-wide association studies (GWASs), which revealed a 19.4-fold increased risk 

in individuals with 2 or more single-nucleotide polymorphisms (SNPs) in LFA-3 (lymphocyte function-associated antigen 3), LCE4A 

(late cornified envelope 4A), and TAGAP (T cell activation RhoGTPase activating protein) loci [52]. 

Genetic susceptibility to aspergillosis is also polygenic [53]. Aspergillus spp. are seldom pathogenic in immunocompetent hosts because 

of innate immune responses mediated mainly through alveolar macrophages and neutrophils [54]. Most cases of aspergillosis occur in 

the context of down-regulation of the immune system by immunosuppressive therapies. Susceptibility to different forms of aspergillosis, 

including invasive allergic (IA) and chronic 
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noninvasive syndromes, has been shown to be associated with polymorphic variants in TLR1, TLR6, TLR4, TLR9, and TLR3 [55–57]. 

Variants in the chemokine (C-X-C motif) ligand 10 (CXCL10), an inflammatory mediator that stimulates the directional migration of 

Th1 in addition to increasing T  cell adhesion to endothelium [58], have been associated with invasive A. fumigatus infection [59]. In this 

study, the presence of a haplotype in CXCL10 (rs1554013 [+11101 C/T], rs3921 [+1642 C/G], and rs4257674 [−1101 A/G]) was 

associated with the inability of immature dendritic cells (iDCs) to express CXCL10 in patients with IA after allogeneic HSCT, which led 

to an increased risk of developing IA. Susceptibility to IA has also been linked to deficiencies in PRRs with opsonic activity such as 

mannose-binding lectin (MBL) and long pentraxin 3 (PTX3), which mediates fungal uptake and killing by phagocytes [30,60,61]. 

Another molecule with an opsonic activity that has been associated with susceptibility to IA in allogeneic H SCT patients is plasminogen 

(PLG) [62]. Using a novel method of candidate gene polymorphisms identification, Zaas and colleagues used computational genetic 

mapping analysis of suppressed murine model survival data to eventually identify an SNP in human PLG that increased the risk for IA in 

HSCT recipients. 

 
 

Genetic susceptibility to mycetoma 

Most of the studies done on host susceptibility to mycetoma focused on polymorphisms in candidate genes related to the host 

immune response. 

Polymorphisms in innate immunity genes. Because of the significance of innate immunity in host defence, genetic variations in the 

genes of this system could have a major impact on immune responses to mycetoma-causative organisms. Thus, the first evidence of host 

genetic susceptibility to mycetoma was shown in 2007 by van de Sande and her colleagues when they reported associations between 

polymorphisms in genes involved in innate immunity and susceptibility to mycetoma [42]. Studies initially focused on neutrophil 

function given its importance in early defence against mycetoma [13,14]. Studies were undertaken on 11 SNPs in 8 genes: complement 

receptor 1 (CR1), MBL, tumour necrosis factor  (TNF), macrophage chemoattractant protein-1 (MCP-1), IL  8 (CXCL8), C-X-C motif 

chemokine receptor 2 (CXCR2), nitric oxide synthase 2 (NOS2), and thrombospondin-4 (TSP-4). Five SNPs in CR1, CXCL8 ,  its receptor 

CXCR2, TSP-4, and NOS2 had significant differences in allele distribution between 125 Sudanese mycetoma patients and 140 matched 

controls. Furthermore, an SNP in NOS2 was associated with lesion size. The SI1 and McCa alleles of CR1 SNPs rs17047661 and 

rs17047660, respectively, had higher distribution in mycetoma patients than in matched endemic controls, and the authors speculated 

that these polymorphisms could result in conformational changes in the receptor that eventually might lead to a defect in the efficacy of 

M. mycetomatis phagocytosis. CXCL 8 and TSP-4 are chemoattractants for neutrophils. The alleles −251A allele in CXCL8 and the 

29929C allele in TSP4, in addition to the +785C allele in CXCR2 that encodes for the CXCL 8  receptor, were associated with mycetoma in 

this study. The final polymorphism for which there were differences in allele frequency between mycetoma patients and healthy controls 

was found in NOS2, encoding nitric oxide synthase, which produces nitric oxide (NO), which mediates tumoricidal and bactericidal 

actions [63]. The G954C allele results in a 7-fold higher NOS activity compared to the wild type, which may explain why it was found 

more amongst the healthy endemic controls [64]. Higher production of CXCL8  and lower NO production in mycetoma patients were 

both highlighted as risk factors for developing mycetoma owing to impaired wound healing, which was previously demonstrated in mice 

[65,66]. 

The absence of significant differences in allele frequencies between cases and endemic matched controls in polymorphisms in the 

other 6 genes might be due to investigating a 
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limited number of variants in addition to the small number of enrolled subjects, resulting in a lack of statistical power. Thus, exploring 

other variants in these genes in addition to other genes involved in neutrophil function in a larger cohort could reveal additional 

variants with functional impact in susceptibility to mycetoma. 

Polymorphisms in acquired immunity genes. Several HLA alleles (both class I  and class II) have been associated with susceptibility or 

resistance to the development of infectious diseases [67–69]. Based on this, Al Dawi and colleagues analysed HLA-DRB1 and HLA-DQB1 

allele frequencies amongst confirmed eumycetoma patients compared with matched controls [24]. Of the HLA-DRB1 alleles, the HLA-

DRB113 allele showed significant association with eumycetoma infection (P = 0.044, odds ratio [OR] = 2.629). Interestingly, the HLA-

DRB102 allele had a high frequency in the control group (9.8%, P = 0.047) whilst it was absent in the eumycetoma patients, suggesting a 

protective role against eumycetoma. For HLA-DQB1 alleles, the HLA-DQB1 5 allele showed a significantly higher frequency in 

mycetoma patients than in healthy controls (P = 0.029, OR = 3.471), indicating a possible association between this allele and the 

development of clinical mycetoma. This study included only 84 subjects (53 eumycetoma patients and 31 healthy matched controls) who 

were admitted to the MRC. Therefore, further studies are required on larger sample sizes and amongst communities living in mycetoma-

endemic areas. 

A number of studies have identified association between variants in cytokine genes involved in acquired immune responses and 

mycetoma. Owing to the important roles of C-C chemokine ligand 5 (CCL5) in attracting T  cells, dendritic cells, eosinophils, and natural 

killer (NK) cells [70] and IL-10, which is one of the Th 2 cytokines [71], Mhmoud and colleagues studied the role of 3 functional SNPs in 

CCL5 and 2 SNPs in IL-10 in mycetoma granuloma formation [17]. Allele frequencies for 2 SNPs in CCL5 (rs2280788 and rs280789) and 

1 SNP in IL-10 (rs280789) were significantly different between 149 mycetoma patients and 206 matched controls and were linked to 

elevated serum levels of both CCL5 and IL-10 in mycetoma patients. The 2 SNP alleles in CCL5 that were significantly associated with 

mycetoma had opposite functional effects: the G-allele at SNP rs2280788 results in a higher CCL5 transcription, whilst the C-allele in the 

other SNP, rs280789, is associated with diminished transcription of CCL5. Consequently, the exact role of CCL5 in mycetoma granuloma 

formation remains to be elucidated. 

Polymorphisms in host enzyme genes. Two studies involving host enzymes that are part of the immune system have been reported. 

The first, reported in 2014 by Geneugelijk and colleagues [72], investigated the role of matrix metalloproteinases-2 (MMP-2), matrix 

metallo-proteinases-9 (MMP-9), and tissue inhibitor of metalloproteinases (TIMP) in the formation of fungal grains in M. mycetomatis 

eumycetoma patients. These enzymes are thought to be involved in the deposition of collagen around the grains to encapsulate them 

within the granulomas [72]. It is believed that excessive collagen formation may contribute to treatment failure in mycetoma patients. 

The study included 3 parts: (1) detection of MMP-2 and MMP-9 locally around fungal grains using immunohistochemical staining of 8 

tissue sections taken from M. mycetomatis eumycetoma patients, (2) measuring absolute serum levels of MMP-2 and MMP-9 in the sera 

of 36 M. mycetomatis-infected patients and 36 healthy controls using ELISA, and (3) genotyping functional SNPs in the promoter regions 

of MMP-2 (rs243865), MMP-9 (rs3918242), and TIMP-1 (rs4898) using genomic DNA from 125 Sudanese M. mycetomatis eumycetoma 

patients and 103 healthy endemic controls. Active MMP-9 was only found in the sera of 36% of eumycetoma patients, yet that cannot be 

attributed solely to mycetoma infection because no data about coinfection were recorded during the sample collection. No genetic 

differences were found between patients and healthy controls for MMP-2 and MMP-9; however, there was a higher frequency of the T  

allele of an SNP in TIMP-1 (372T/C) in 77 male 
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eumycetoma patients compared to 44 healthy male controls. This T  allele is associated with a lower TIMP-1 protein expression in 

inflammatory bowel disease, and the authors suggested that it could explain the previously reported male predominance in mycetoma 

[73]. 

In 2015, a second study investigated the presence of chitin in the cell wall of M. mycetoma-tis. Chitin triggers the host innate immune 

response and the release of chitin-degrading enzymes such as chitotriosidase (CHIT1) and acidic mammalian chitinase (AMCase, also 

known as CHIA) [74]. Four polymorphisms in CHIT1 and CHIA were studied in 112 eumycetoma patients and 103 matched controls 

that were from the same cohort used for the metalloproteinases study. Though both CHIA and CHIT1 were expressed in mycetoma 

lesions, a 

24-bp insertion in CHIT1 resulting in impaired enzyme activity [75,76] was found to be significantly associated with eumycetoma. 

Because both chitotriosidase and AMCase were proven to exist in mycetoma lesions, further investigation to detect polymorphisms 

affecting the activity of these enzymes is still needed with a larger sample size. 

Polymorphisms in sex hormone biosynthesis genes. A male predominance of mycetoma has been described in several studies 

[7,9,11,72], suggesting a possible role of hormonal influence in mycetoma susceptibility. Based on this observation, a study was carried 

out in 2015 on 125 eumycetoma patients and 103 matched controls (the same metalloproteinases study group) to investigate changes in 

hormonal levels that could result from polymorphisms within genes encoding enzymes essential for sex hormone biosynthesis [77]. The 

selected polymorphisms were rs4680 in Catechol-O-methyltransferase (COMT), rs1056836 in Cytochrome p450 subfamily 1B1 

(CYP1B1), rs743572 in Cytochrome p450 subfamily 17 (CYP17), rs700518 in cytochrome p450 subfamily 19 (CYP19), and rs6203 in 

hydroxysteroid dehydrogenase 3B (HSD3B). Only alleles of the rs4680 SNP in COMT, which is quite common in African populations 

according to the Genome Aggregation Database (gnomAD) [78] and has been linked to neuropsychological disorders, and rs700518 in 

CYP19 had significant differences in distribution amongst mycetoma patients compared to healthy endemic controls. 

In summary, a total of 13 genes (Table 1) have allelic variants found to be associated with mycetoma, and these genes lie in different 

pathways and systems. All the studies mentioned above were focused on a predefined set of polymorphisms in candidate genes, 

selected for their possible role in immunity to mycetoma in relatively small sample sizes. No systematic genome-wide studies have 

been reported to date. 

 
 

Concluding remarks and future perspectives 

The studies described above suggest there is a role for the host’s underlying genetic profile in determining susceptibility to mycetoma. 

However, the studies are generally small and take a candidate gene approach, and none of them have been replicated. Advances in 

genomic science and the supporting technology have paved the way for large-scale genome-wide association and next generation 

sequencing (NGS) studies that can underpin a new strategy to systematically interrogate the genome for variants associated with 

mycetoma. GWASs are used to detect common variants, whilst NGS technologies such as whole-exome sequencing (WES), in which 

the exons across the whole genomes of cases and controls are sequenced, are used to identify the rare variants with functional impact on 

disease pathogenesis [79]. Since several genomes for the most common causative organisms, including Nocardia brasiliensis [80], S. 

somaliensis [81], Actinomadura madurae [82], Nigrograna mackinnonii [83], and M. mycetomatis [84] are now publicly available, parallel 

analysis of pathogen and host genomes could give valuable insights into host–pathogen interactions in mycetoma [1] and would 

eventually aid in devising better strategies for risk assessment, treatment, and prognosis for mycetoma patients. 
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Table 1. A summary of genes with allelic variants that are significantly associated with mycetoma. 

Gene 

CCL5  

 
CHIT1 

COMT 

CR1 

 
CXCL8 

CXCR2 

CYP19 

HLA-DRB1 

 
HLA-DQB1 

IL-10 

NOS2 

TIMP-1 

TSP4 

SNP 

−28C/G 

1648044C>T  

24-bp insertion 

19951271G>A   

207782889A>G 

207782856A>G 

−251T/A 

219000310C>T 

51529112T>C   

HLA-DRB113 

HLADRB102 

HLA-DQB15 

−819T/C 

−954G>C    

372T/C 

79361265G>C 

Rs-Number 

rs2280788 

rs280789 

rs3831317 

rs4680 

rs17047661 

rs17047660 

rs4073 

rs2230054 

rs700518 

N/A 

N/A 

N/A 

rs1800871 

rs1800482 

rs4898 

rs1866389 

P Value 

<0.0001 

<0.0001 

0.004 

0.006 

0.039 

0.001 

0.008 

0.037 

0.004 

0.044 

0.047 

0.029 

0.0005 

0.0006 

0.0004 (males); 0.53 (females) 

0.030 

Reference 

[17] 

[17] 

[74] 

[77] 

[42] 

[42] 

[42] 

[42] 

[77] 

[24] 

[24] 

[24] 

[17] 

[42] 

[72] 

[42] 

 

 GRCh37 human reference genome. 

Abbreviations: CCL5 ,  C-C chemokine ligand 5; CHIT1, chitotriosidase; COMT, catechol-O-methyltransferase; CR1, complement receptor 1; CXCL8 ,  C-X-C chemokine 

ligand 8; CXCR2, C-X-C motif chemokine receptor 2; CYP19, cytochrome p450 family 19; HLA, human leukocyte antigen; IL-10, interleukin 10; NOS2, nitric oxide 

synthase 2; N/A, not applicable; TIMP-1, tissue inhibitor of metalloproteinases 1; TSP4, thrombospondin-4. 
 

https://doi.org/10.1371/journal.pntd.0008053.t001 
 
It is essential to include large cohorts to avoid the multiple challenges of genetic association studies, including population stratification, 

genetic heterogeneity, and insufficient replication 

 
 
 
Key learning points 
 
 

1. Current evidence suggests a role for host genetic factors in regulating susceptibility to mycetoma. 

2. Mycetoma is likely to be a complex genetic trait in which multiple genes interact with each other and environmental factors, as 

well as the pathogen, to cause the disease. 
 

3. Reviewing genetic susceptibility to other morphologically related fungal infections can help to identify candidate genes involved in 

susceptibility to mycetoma. 

4. A total of 13 genes had allelic variants found to be associated with mycetoma. 
 

5. All the reviewed studies on genetic susceptibility to mycetoma took a candidate gene approach, and none have been replicated. 
 

6. There is a need for a new strategy to systematically interrogate the genome for variants associated with mycetoma. 
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power [85,86]. Additionally, genotype–phenotype correlation analyses are mandatory to correlate the relative contribution of genetic 

findings to the specific clinical outcomes. 

Dissecting the contribution that host genetic variation has on susceptibility to mycetoma will enable the identification of pathways that 

are potential targets for new treatments for mycetoma and will also enhance our ability to stratify ‘at-risk’ individuals, allowing the 

potential to develop preventive and personalised clinical care strategies in the future. 
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Summary of brief 
 
 

The infectious disease mycetoma is a 
devastating, hard-to-treat neglected 
tropical disease. Not everyone 
who is exposed to the microbes 
(germs) that cause mycetoma gets 
disease. Understanding why this is so 
could lead to better treatment and 
prevention policies for mycetoma. 
This research aimed to discover 
whether an individual’s genetic make-
up determines their susceptibility to 
mycetoma and if so, which 
genes are important. 
 
 
 
 

          Background 
 
 

 
 
 
 

Key Messages 
 
 

• A systematic literature review confirmed 

that host genes are likely to influence the 

development (or not) of mycetoma following 

infection with one of the many microbes that 

can cause it. 
 

• Genetic differences between family 

members with and without mycetoma were 

identified in genes belonging to immune 

response pathways relevant for controlling 

infectious diseases that warrant further 

investigation. 
 

• Dissecting the contribution that host 

genetic variation makes to susceptibility to 

mycetoma will enable the identification of 

pathways that are potential targets for new 

treatments for mycetoma. 
 

• It will also enhance our ability to stratify 

“at-risk” individuals allowing the 

development of preventive and personalised 

clinical care strategies in the future. 

Mycetoma is a chronic infectious neglected tropical 

disease (NTD) that has extensive health and 

socioeconomic impact on patients and communities. 

Without early detection and treatment it destroys skin, 

underlying tissue and bone, leading to deformity and 

disability, often resulting in amputation – the lower 

limb is most commonly affected. 

 
It is thought the infection is introduced by penetrating 

thorn injuries. Not everyone exposed to the microbes 

that cause mycetoma develops disease suggesting host 

defences determine susceptibility to mycetoma. There is 

evidence that genetic factors influence these defences 

since cases cluster in some families but not others, 

despite a shared environment. 

 
However, genetic studies to date have been small 

and findings have not been reproduced. We therefore 

adopted a systematic approach to investigate the 

genetic basis of mycetoma in Sudan, a country with 

one of the highest rates of mycetoma in the world. We 

identified families with more than one case of mycetoma 

and compared the DNA sequences of family members 

with and without mycetoma. 

 
Further studies are ongoing, investigating the role of 

these genetic variants in susceptibility to mycetoma 

in the wider population.
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Key findings 
 
 

• Our systematic review supported the hypothesis 

that host genetic factors influence the development 

(or not) of mycetoma following infection with one of 

the many microbes that can cause it. 
 

• Familial cases are common in areas of Sudan where 

mycetoma is endemic. 
 

• DNA sequencing studies in members from multi-

case families identified genetic variants that were 

present in immune response genes in affected but not 

unaffected family members. 

Without early 
detection and 
treatment 
mycetoma 
destroys skin, 
underlying tissue 
and bone 

 
 
 

Priority actions / recommendations 
 
 

• Our research forms the basis for further large-scale 

studies that aim to corroborate the role of host genes in 

predisposing individuals to the development of 

mycetoma. 
 

• Further research to identify the key molecular 

pathways involved in the pathogenesis of mycetoma is 

necessary to develop the new diagnostic tools and 

treatments required to bring this debilitating disease 

under control, with a longer-term goal of elimination. 
 

• With further evaluative research, genetic variants 

that predispose to mycetoma could be used to screen 

vulnerable communities and enable efficient 

prevention interventions or at least early disease 

detection and management. 

 
 
 
 
 

Host genes are likely to 
influence the 
development (or not) of 
mycetoma following 
infection with one of the 
many microbes 
that can cause i
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Mycetoma 
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Appendix 2 - Pedigree collection datasheet. 

 

Collection of pedigree information 

Ethnic group:  

Location:      Household:         Date: 

 

Table_Apx 1 Datasheet for pedigrees. 

ID Name Sex Birthdate Birthplace Father’s Name Father 

Alive 

Father’s 

Birthplace 

Father’s 

Residence 

Mother’s 

Name 

Mother 

Alive 

Mother’s 

Birthplace 

Mother’s 

Residence 
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Appendix 3 - Genome-wide association studies collection datasheet  

Table_Apx 2 Datasheet for cases. 

GWAS_ID MRC_ID Name Sex Age Ethnic 

group 

Age Of 

Onset 

Occupation Family 

history 

(Yes/No) 

Relation 

(fam_hist) 

Locality State Tel Eumycetoma 

Site  

 
             

              

              

              

              

 

Table_Apx 3 Datasheet for controls. 

GWAS_ID Name Sex Age Ethnic 

group 

Occupation Family 

history 

(Yes/No) 

Relation 

(fam_hist) 

Locality State Tel 
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Appendix 4 - OrageneTM (OG-600) protocol for DNA collection 

from a saliva sample 

(Source: https://www.dnagenotek.com/ROW/support/collection-instructions/oragene-dna/OG-500andOG-

600.html) 

• Do not eat, drink, smoke, or chew gum for 30 minutes before giving your saliva sample. 

• Do not remove the plastic film from the funnel lid. 

Step 1: Spit into the funnel until the amount of liquid saliva (not bubbles) reaches the fill line shown 

below. 

 

 

Step 2: Hold the tube upright with one hand. Close the funnel lid with the other hand (as shown) by firmly 

pushing the lid until you hear a loud click. The liquid in the lid will be released into the tube to mix with the 

saliva. Make sure that the lid is closed tightly. 

 

 

Step 3: Hold the tube upright. Unscrew the funnel from the tube. 

 

 

https://www.dnagenotek.com/ROW/support/collection-instructions/oragene-dna/OG-500andOG-600.html
https://www.dnagenotek.com/ROW/support/collection-instructions/oragene-dna/OG-500andOG-600.html
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Step 4: Use the small cap to close the tube tightly. 

 

 

Step 5: Shake the capped tube for 5 seconds. Discard or recycle the funnel. 
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Appendix 5 - OrageneTM (OG-600) protocol for DNA isolation 

from a saliva sample 

(Source: https://www.dnagenotek.com/ROW/products/collection-human/oragene-

dna/600-series/OG-600.html) 

Laboratory protocol for manual purification of DNA from 0.5 mL of sample: 

1. Mix the sample in the DNA Genotek kit by inversion and gentle shaking for a 

few seconds. 

2. Incubate the sample at 50°C in a water incubator for a minimum of 1 hour or in 

an air incubator for a minimum of 2 hours. 

3. Transfer 500 µL of the mixed sample to a 1.5 mL microcentrifuge tube. 

4. For 500 µL of the sample, add 20 µL (1/25th volume) of PT-L2P to the 

microcentrifuge tube and mix by vertexing for a few seconds. 

5. Incubate on ice for 10 minutes. 

6. Centrifuge at room temperature for 5 minutes at 15,000 × g. 

7. Carefully transfer the clear supernatant with a pipette tip into a fresh 

microcentrifuge tube. Discard the pellet containing impurities. 

8. To 500 μL of supernatant, add 600 μL of room temperature 95% to 100% 

ethanol. Mix gently by inversion 10 times. 

9. Allow the sample to stand at room temperature for 10 minutes to allow the DNA 

to fully precipitate. 

10. Place the tube in the microcentrifuge in a known orientation. Centrifuge at room 

temperature for 2 minutes at 15,000 × g. 

11. Carefully remove the supernatant with a pipette tip and discard it. Take care to 

avoid disturbing the DNA pellet. 

12. Carefully add 250 µL of 70% ethanol. Let stand at room temperature for 1 

minute. Completely remove the ethanol without disturbing the pellet. 

13. Add 100 µL of TE solution to dissolve the DNA pellet. Vortex for at 

least 5 seconds. 

14. To ensure complete rehydration of the DNA (pellet and smear) incubate at room 

temperature overnight followed by vertexing or at 50°C for 1 hour with 

occasional vertexing. 

15. Store DNA samples in aliquots at -20°C for long-term storage. 

https://www.dnagenotek.com/ROW/products/collection-human/oragene-dna/600-series/OG-600.html
https://www.dnagenotek.com/ROW/products/collection-human/oragene-dna/600-series/OG-600.html
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Appendix 6 - Agarose gel electrophoresis 

This was adapted and modified from Protocols.io 

(https://www.protocols.io/view/agarose-gel-electrophoresis-e6nvw9pdwgmk/v3) 

To prepare 0.8% agarose gel to check genomic DNA integrity: 

1. Measure 0.8 g of agarose 

2. Mix agarose powder with 100 ml of 1X Tris-borate-EDTA (TBE) buffer. 

3. Heat till the mixture becomes transparent. 

4. Add 4 µl of ethidium bromide when the temperature of the mixture reaches ~ 

55° C. 

5. Pour the agarose into the gel tray with the well comb in place.  

6. After polymerisation of the gel, remove the comb and additional parts. Any 

bubbles can be pushed towards the sides/edges of the gel with a pipette tip. 

7. Let the newly poured gel sit at room temperature for 20-30 mins, until it has 

completely solidified. 

8. Once solidified, place the agarose gel into the gel box (electrophoresis unit). 

9. Add loading buffer to the DNA samples. The function of loading buffer is twofold. 

Firstly, it adds a visible dye which aids in gel loading and allows for an estimation 

of DNA migration distance. Secondly, it has a high glycerol content which 

enhances the density of the DNA sample, preventing it from diffusing in the 

buffer and causing it to settle at the bottom of the gel well. 

10. Fill gel box with 1X TBE buffer until the gel is covered.  

11. Carefully load 5 µl of the samples into subsequent wells of the gel. 

12. Start the device and run the gel at Voltage 300, Current 50 for 45 minutes. 

13. Turn OFF power, disconnect the electrodes from the power source, and then 

carefully remove the gel from the gel box. 

14. Visualize the DNA integrity under UV light.  

 

https://www.protocols.io/view/agarose-gel-electrophoresis-e6nvw9pdwgmk/v3


245 
 

Appendix 7 - Polymerase chain reaction protocol 

A 20 µl PCR reaction volume was prepared using Maxime™ PCR PreMix (iNtRON 

Biotechnology, South Korea) with ratios following the manufacturer protocol 

demonstrated in Table_Apx 4. 

Table_Apx 4 PCR reaction volume. 

Reagent  1x (in µl) 

H2O  17 

10 µM of forward primer 1 

10 µM of reverse primer  1 

Template DNA  1 

 

We amplified DNA using touch-down PCR settings detailed in Table_Apx 5 below. 

Table_Apx 5 Touchdown PCR program. 

Cycles  Phase Time Temperature (°C) 

 Initial denaturation 10 minutes 95 

10x 

Denaturation 30 seconds  95 

Annealing* 30 seconds  65-55 

Extension 1 minute  72 

30x 

Denaturation 30 seconds  95 

Annealing 30 seconds  55 

Extension 1 minute  72 

 Final extension 10 minutes  72 

*Annealing temperature (Ta) is reduced by 1.0°C each cycle. 
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Appendix 8 - Functional mapping and annotation of genome-

wide association studies (FUMA) parameters 

Table_Apx 6 The parameters used to perform FUMA functional annotation. 

Parameter Value  

Lead SNP P-value 1.00E-05 

P-value cutoff 0.05 

R2 threshold for independent significant SNPs 0.6 

Second R2 threshold 0.1 

Reference panel population 1KG/Phase3 African 

Non-GWAS tagged SNPs yes 

Minor allele frequency 0 

Maximum distance between LD blocks to merge into a locus 250kb 

Gene mapping Positional; eQTL; 

chromatin interactions 

Gene type  protein_coding 

Distance from gene start/stop site to map SNPs 10kb 

MHS region excluded from annotation yes 

MAGMA gene expression analysis repository GTEx v.8 
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Appendix 9 - Ethnic groups of mycetoma cases recruited in the 

GWAS 

Table_Apx 7 Ethnic groups of mycetoma cases recruited. 

Ethnicity n % Linguistic family Geographic group 

Agalyen 3 0.97 Afro-Asiatic Central 

Ahamda 3 0.97 Afro-Asiatic Central 

Arab Awlad Got 1 0.32 Afro-Asiatic Western 

Araki 1 0.32 Afro-Asiatic Central 

Aringa 2 0.65 Nilo-Saharan Western 

Awamra 2 0.65 Afro-Asiatic Central 

Baggara 17 5.5 Afro-Asiatic Western 

Balanga 1 0.32 Afro-Asiatic Western 

Bani Fadul 1 0.32 Afro-Asiatic Western 

Bani Garar 2 0.65 Afro-Asiatic Western 

Bani Tameem 1 0.32 Afro-Asiatic Western 

Bardo 1 0.32 Nilo-Saharan Western 

Bargo 18 5.83 Nilo-Saharan Western 

Barno 1 0.32 Afro-Asiatic Western 

Barti 1 0.32 Nilo-Saharan Western 

Batahen 5 1.62 Afro-Asiatic Central 

Bederia 7 2.27 Afro-Asiatic Central and west 

Beja 7 2.27 Afro-Asiatic Eastern 

Berged 1 0.32 Nilo-Saharan Western 

Bilala 1 0.32 Nilo-Saharan Western 

Bozaa 3 0.97 Afro-Asiatic Western 

Dar Hamed 5 1.62 Afro-Asiatic Western 

Fadnya 1 0.32 Afro-Asiatic Central 

Falata 4 1.29 Afro-Asiatic Central 

Fong 1 0.32 Nilo-Saharan Central 

Gamoeya 18 5.83 Afro-Asiatic Central 

Garabi 1 0.32 Nilo-Saharan Western 

Gemer 1 0.32 Nilo-Saharan Western 

Gorane 1 0.32 Nilo-Saharan Western 

Halawi 2 0.65 Afro-Asiatic Central 
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Halfa 1 0.32 Nilo-Saharan Northern 

Hamar 7 2.27 Afro-Asiatic Western 

Hassania 14 4.53 Afro-Asiatic Central 

Hawari 1 0.32 Afro-Asiatic Western 

Hawsa 7 2.27 Afro-Asiatic Western 

Hosonati 1 0.32 Afro-Asiatic Central 

Hotia 1 0.32 Afro-Asiatic Western 

Jaalyeen 13 4.21 Afro-Asiatic Northern 

Kababesh 3 0.97 Afro-Asiatic Western 

Kawahla 52 16.8 Afro-Asiatic Central 

Khawalda 1 0.32 Afro-Asiatic Central 

Kurtan 1 0.32 Afro-Asiatic Southern 

Maganen 1 0.32 Afro-Asiatic Western 

Magarba 1 0.32 Afro-Asiatic Central 

Magdiya 1 0.32 Afro-Asiatic Southern 

Maghata 1 0.32 Afro-Asiatic Central 

Mahas 1 0.32 Afro-Asiatic Northern 

Manaser 3 0.97 Afro-Asiatic Northern 

Mararet 6 1.94 Nilo-Saharan Western 

Mema 1 0.32 Nilo-Saharan Western 

Mosalamya 4 1.29 Afro-Asiatic Central 

Nefedya 1 0.32 Afro-Asiatic Central 

Nuba 4 1.29 Nilo-Saharan and Niger-

Congo 

Western 

Rekabya 2 0.65 Afro-Asiatic Northern 

Rezegat 4 1.29 Afro-Asiatic Western 

Robatab 1 0.32 Afro-Asiatic Northern 

Rofaa 8 2.59 Afro-Asiatic Central 

Rotamat 1 0.32 Afro-Asiatic Central 

Sadarna 1 0.32 Afro-Asiatic Central 

Shaigia 3 0.97 Afro-Asiatic Northern 

Shaila 1 0.32 Afro-Asiatic Northern 

Shanabla 2 0.65 Afro-Asiatic Western 

Shankhab 4 1.29 Afro-Asiatic Southern 

Shargawi 1 0.32 Afro-Asiatic Northern 
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Shokria 11 3.56 Afro-Asiatic Central 

Tama 12 3.88 Nilo-Saharan Western 

Tongor 1 0.32 Nilo-Saharan Western 

Zaghawa 9 2.91 Nilo-Saharan Western 

NA 9 2.91 
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Appendix 10 - Ethnic groups of control subjects recruited in the 

GWAS 

Table_Apx 8 Ethnic groups of the recruited controls. 

Ethnicity n % Linguistic family Geographic group 

Abo Hashim 1 0.65 Afro-Asiatic Central 

Awaida 1 0.65 Afro-Asiatic Central 

Awamra 1 0.65 Afro-Asiatic Central 

Baggara 2 1.29 Afro-Asiatic Western 

Bederia  2 1.29 Afro-Asiatic Central and west 

Beja 2 1.29 Afro-Asiatic Eastern 

Esenawi 1 0.65 Nilo-Saharan Northern 

Fur 1 0.65 Nilo-Saharan Western 

Gamoeya 2 1.29 Afro-Asiatic Central 

Gemer 1 0.65 Nilo-Saharan Western 

Hadiya 1 0.65 Afro-Asiatic Eastern 

Hassania 3 1.94 Afro-Asiatic Central 

Hodor 3 1.94 Afro-Asiatic Northern 

Jaalyeen 7 4.52 Afro-Asiatic Northern 

Kawahla 62 40 Afro-Asiatic Central 

Lahawi 42 27.1 Afro-Asiatic Eastern and Central 

Magarba 2 1.29 Afro-Asiatic Central 

Magdiya 2 1.29 Afro-Asiatic Southern 

Mohamadi 1 0.65 Afro-Asiatic Central 

Nefedya 7 4.52 Afro-Asiatic Central 

Rezegat 3 1.94 Afro-Asiatic Western 

Rofaa 3 1.94 Afro-Asiatic Central 

Sadarna 1 0.65 Afro-Asiatic Central 

Shokria 1 0.65 Afro-Asiatic Central 

Tama 1 0.65 Nilo-Saharan Western 

Zaghawa 1 0.65 Nilo-Saharan Western 

NA 11 6.67   
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Appendix 11 - Mapped genes from GCTA’s summary statistics 

Table_Apx 9 The eighty-seven mycetoma-associated candidate genes identified by positional 

mapping, eQTL mapping and chromatin interaction mapping strategies implemented in FUMA. 

Symbol Chr start end Top SNP(s) 

CNN3 1 95362507 95392834 rs167677 

ALG14 1 95439963 95538501 rs167677 

RWDD3 1 95699711 95712781 rs167677 

RP11-147C23.1 1 96403457 96488436 rs167677 

PTBP2 1 97187221 97289294 rs167677 

DPYD 1 97543299 98386605 rs167677 

SNX7 1 99127236 99226056 rs167677 

GCSAM 3 1.12E+08 1.12E+08 rs16861260 

SLC9C1 3 1.12E+08 1.12E+08 rs16861260 

CD200 3 1.12E+08 1.12E+08 rs16861260 

BTLA 3 1.12E+08 1.12E+08 rs16861260 

ATG3 3 1.12E+08 1.12E+08 rs16861260 

SLC35A5 3 1.12E+08 1.12E+08 rs16861260 

CCDC80 3 1.12E+08 1.12E+08 rs16861260 

CD200R1L 3 1.13E+08 1.13E+08 rs16861260 

CD200R1 3 1.13E+08 1.13E+08 rs16861260 

GTPBP8 3 1.13E+08 1.13E+08 rs16861260 

C3orf17 3 1.13E+08 1.13E+08 rs16861260 

BOC 3 1.13E+08 1.13E+08 rs16861260 

WDR52 3 1.13E+08 1.13E+08 rs16861260 

SPICE1 3 1.13E+08 1.13E+08 rs16861260 

SIDT1 3 1.13E+08 1.13E+08 rs16861260 

KIAA2018 3 1.13E+08 1.13E+08 rs16861260 

NAA50 3 1.13E+08 1.13E+08 rs16861260 

ATP6V1A 3 1.13E+08 1.14E+08 rs16861260 

QTRTD1 3 1.14E+08 1.14E+08 rs16861260 

DRD3 3 1.14E+08 1.14E+08 rs16861260 

SLC30A5 5 68389473 68426896 rs9291949 

CCNB1 5 68462837 68474072 rs9291949 

CENPH 5 68485375 68506184 rs9291949 
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MRPS36 5 68513587 68525956 rs9291949 

CDK7 5 68530668 68573250 rs9291949 

CCDC125 5 68576002 68628636 rs9291949 

TAF9 5 68646811 68665840 rs9291949 

RAD17 5 68665120 68710628 rs9291949 

MARVELD2 5 68710939 68740157 rs9291949 

OCLN 5 68788119 68853931 rs9291949 

GTF2H2C 5 68856035 68890550 rs9291949 

SMN2 5 69345350 69374349 rs9291949 

CARTPT 5 71014990 71016875 rs9291949 

ADAM22 7 87563458 87832204 rs10952971 

SRI 7 87834433 87856308 rs10952971 

STEAP4 7 87905744 87936206 rs10952971 

ZNF804B 7 88388682 88966346 rs10952971 

C7orf62 7 88423420 88425035 rs10952971 

GTPBP10 7 89964537 90020769 rs10952971 

TRRAP 7 98475556 98610866 rs45529834 

ARPC1A 7 98923521 98985787 rs45529834 

ARPC1B 7 98971872 98992424 rs45529834 

PDAP1 7 98989671 99006452 rs45529834 

BUD31 7 99006264 99017239 rs45529834 

PTCD1 7 99014362 99063787 rs45529834 

ATP5J2-PTCD1 7 99017372 99063820 rs45529834 

CPSF4 7 99036545 99054994 rs45529834 

AC073063.1 7 99040552 99040747 rs45529834 

ATP5J2 7 99046098 99063954 rs45529834 

ZNF789 7 99070464 99101273 rs45529834 

ZNF394 7 99084142 99097947 rs45529834 

ZKSCAN5 7 99102274 99132323 rs45529834 

FAM200A 7 99143931 99156159 rs45529834 

ZNF655 7 99156029 99174076 rs45529834 

GS1-259H13.10 7 99156291 99205433 rs45529834 

ZSCAN25 7 99214569 99230030 rs45529834 

CYP3A5 7 99245817 99277621 rs45529834 

CYP3A7 7 99302660 99332819 rs45529834 
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CYP3A4 7 99354604 99381888 rs45529834 

CYP3A43 7 99425636 99463718 rs45529834 

OR2AE1 7 99473610 99474680 rs45529834 

TRIM4 7 99474581 99517223 rs45529834 

GJC3 7 99520892 99527243 rs45529834 

AZGP1 7 99564343 99573780 rs45529834 

ZKSCAN1 7 99613204 99639312 rs45529834 

ZNF3 7 99661656 99680171 rs45529834 

COPS6 7 99686577 99689823 rs45529834 

MCM7 7 99690351 99699563 rs45529834 

AP4M1 7 99699172 99707968 rs45529834 

TAF6 7 99704693 99717464 rs45529834 

CNPY4 7 99717236 99723134 rs45529834 

GATS 7 99798283 99869855 rs45529834 

PLOD3 7 1.01E+08 1.01E+08 rs45529834 

ZNHIT1 7 1.01E+08 1.01E+08 rs45529834 

DPH6 15 35509546 35838394 rs319883; 

rs10520048 

C15orf41 15 36871812 37102449 rs319883; 

rs10520048 

MEIS2 15 37181406 37393504 rs319883; 

rs10520048 

TMCO5A 15 38214140 38259925 rs319883; 

rs10520048 

FAM98B 15 38746328 38779911 rs319883 

RASGRP1 15 38780304 38857776 rs319883 
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Appendix 12 - Genes reported in GWAS catalogue. 

Table_Apx 10 GWAS catalogue previously reported genes. 

Gene set genes p-value Adjusted-p 

Facial emotion recognition (sad 

faces) 

ARPC1A, ARPC1B, PDAP1, 

BUD31, CPSF4, ZNF789, ZNF394, 

ZKSCAN5 

2.61E-15 1.16E-11 

Tacrolimus trough concentration in 

kidney transplant patients 

CPSF4, ZNF789, ZKSCAN5, 

CYP3A4, CYP3A43, TRIM4 

6.56E-15 1.45E-11 

Ticagrelor levels in individuals with 

acute coronary syndromes treated 

with ticagrelor 

ARPC1A, CYP3A5, CYP3A4, 

CYP3A43, ZKSCAN1 

3.26E-11 4.81E-8 

Dehydroepiandrosterone sulphate 

levels 

ARPC1A, ZKSCAN5, CYP3A43, 

TRIM4 

7.58E-8 8.38E-5 

Serum metabolite levels DPYD, ARPC1A, ARPC1B, PDAP1, 

BUD31, CPSF4, ZNF789, 

ZKSCAN5, CYP3A5, CYP3A43, 

TRIM4 

1.87E-7 1.66E-4 

Sex hormone levels ZNF789, ZKSCAN5, CYP3A4 7.05E-6 5.20E-3 

Palmitic acid (16:0) levels CNN3, ALG14, RWDD3 2.37E-5 1.31E-2 

Stearic acid (18:0) levels CNN3, ALG14, RWDD3 2.37E-5 1.31E-2 

Restless legs syndrome STEAP4, ZNF804B, DPH6, MEIS2 3.62E-5 1.78E-2 
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Appendix 13 - Mapped genes from SAIGE’s summary statistics 

Table_Apx 11 Forty-eight mycetoma-associated candidate genes identified by positional 

mapping, eQTL mapping and chromatin interaction mapping strategies implemented in FUMA. 

Symbol Chr Start End Top SNP(s) 

RAB1A 2 65297835 65357240 rs1868403 

ACTR2 2 65454887 65498387 rs1868403 

SPRED2 2 65537985 65659771 rs1868403 

MEIS1 2 66660584 66801001 rs1868403 

ETAA1 2 67624451 67637677 rs1868403 

C1D 2 68268262 68338080 rs1868403 

WDR92 2 68350068 68384692 rs1868403 

RP11-

474G23.1 

2 68358370 68488362 rs1868403 

PPP3R1 2 68405989 68483369 rs1868403 

GCSAM 3 1.12E+08 1.12E+08 rs16861260 

SLC9C1 3 1.12E+08 1.12E+08 rs16861260 

CD200 3 1.12E+08 1.12E+08 rs16861260 

BTLA 3 1.12E+08 1.12E+08 rs16861260 

ATG3 3 1.12E+08 1.12E+08 rs16861260 

SLC35A5 3 1.12E+08 1.12E+08 rs16861260 

CCDC80 3 1.12E+08 1.12E+08 rs16861260 

CD200R1L 3 1.13E+08 1.13E+08 rs16861260 

CD200R1 3 1.13E+08 1.13E+08 rs16861260 

GTPBP8 3 1.13E+08 1.13E+08 rs16861260 

C3orf17 3 1.13E+08 1.13E+08 rs16861260 

BOC 3 1.13E+08 1.13E+08 rs16861260 

WDR52 3 1.13E+08 1.13E+08 rs16861260 

SPICE1 3 1.13E+08 1.13E+08 rs16861260 

SIDT1 3 1.13E+08 1.13E+08 rs16861260 

KIAA2018 3 1.13E+08 1.13E+08 rs16861260 

NAA50 3 1.13E+08 1.13E+08 rs16861260 

ATP6V1A 3 1.13E+08 1.14E+08 rs16861260 

QTRTD1 3 1.14E+08 1.14E+08 rs16861260 

DRD3 3 1.14E+08 1.14E+08 rs16861260 
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GPM6A 4 1.77E+08 1.77E+08 rs17062162 

PRKAR1B 7 588834 767287 rs4076072 

SUN1 7 855528 936072 rs4076072 

GET4 7 916189 936073 rs4076072 

ADAP1 7 937540 995043 rs4076072 

COX19 7 938415 1015235 rs4076072 

GPR146 7 1084212 1098897 rs4076072 

GAL 11 68451247 68458643 rs3019751 

TPCN2 11 68816365 68858072 rs3019751 

MYEOV 11 69061605 69182494 rs3019751 

CCND1 11 69455855 69469242 rs3019751 

ORAOV1 11 69467844 69490184 rs3019751 

FGF19 11 69513000 69519410 rs3019751 

DPH6 15 35509546 35838394 rs319883; 

rs10520048 

C15orf41 15 36871812 37102449 rs319883; 

rs10520048 

MEIS2 15 37181406 37393504 rs319883; 

rs10520048 

TMCO5A 15 38214140 38259925 rs319883; 

rs10520048 

FAM98B 15 38746328 38779911 rs319883 

RASGRP1 15 38780304 38857776 rs319883 
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