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ABSTRACT 

 

Various types of genetic variation exist within the human genome, ranging from single 

nucleotide changes to large-scale structural alterations. In recent years, several 

studies have identified and revealed the importance of a class of intermediate scale 

structural variation (SV), known as copy number variation (CNV). Despite its important 

impact on genetic diversity as well as disease, CNV remains widely understudied. The 

African continent carries a disproportionate burden of disease, and the treatments 

available are often ineffective or result in adverse drug reactions (ADRs). Genetic 

variation in absorption, distribution, metabolism, and excretion (ADME) genes has 

been shown to have a major impact on the pharmacokinetics, efficacy and safety of 

drugs. While single nucleotide variants in ADME genes have been well characterised, 

studies focused on the CNV landscape in ADME genes are lacking, especially in 

African populations. Additionally, CNVs can be identified using several approaches, 

including short-read and long-read whole genome sequencing (WGS) as well as from 

genotyping array data, with each approach posing its own limitations and advantages. 

This study aimed to (i) describe the CNV landscape in ADME genes in sub-Saharan 

African (SSA) populations, (ii) compare the CNV results from the short- and long-read 

sequencing data across the genome in order to assess whether short-read sequencing 

is adequate for accurate CNV calls and (iii) assess the utility of the Infinium H3Africa 

Consortium Array v2 to call CNVs. CNVs were called from the short-read, high-

coverage, WGS of 953 individuals from across SSA using several CNV calling tools. 

A merged dataset was generated from the outputs of Genome STRiP, Manta, Delly, 

Lumpy and GATK that consisted of 362 ADME CNVs. The results of this study show 

that CNV is an additional and important source of genetic variability within ADME 

genes that has significant implications for drug response and precision therapy. There 

are, however, various limitations of SV calling from short-read sequencing data, 

resulting in generally low sensitivity and high false discovery rates, and long-read 

approaches have been shown to outperform short-read approaches. In this study, eight 

samples were selected for PacBio SMRT sequencing and a total of 42 041 CNVs were 

identified throughout the genome. When comparing the short- and long-read CNVs 

from the same eight individuals, ~50% of the short-read CNVs were concordant with 

the long-read data. Overall, the long-read sequencing approach allowed for the 

identification of a large proportion of additional CNVs and provided invaluable insights 

into the SSA CNV landscape. Sequencing of additional samples will further improve 
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our knowledge. Lastly, genotype data generated from over 10 000 South African 

individuals on the Infinium H3Africa Consortium Array v2 was used to call CNVs with 

PennCNV. A total of 7 312 CNVs were identified across the genome. This approach 

was able to call large, rare CNVs but called far fewer CNVs compared to the 

sequencing approaches discussed above. This lack of resolution limits the utility of the 

array in generating a comprehensive population-wide CNV call set. Additionally, the 

concordance between the short-read CNVs and array CNVs was very low, but was far 

higher (~50%) when compared to the long-read CNVs. Overall, this study has shown 

that CNV is an important source of genetic variation and has provided a more complete 

set of pharmacogenetically relevant variants in the African context. Additionally, it has 

highlighted the challenges of calling CNVs, with a diverse set of results being obtained 

from the different approaches.  
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1. CHAPTER 1: LITERATURE REVIEW AND INTRODUCTION 

 

1.1 Introduction 

The African continent is severely affected by disease – both communicable and non-

communicable (Alessandrini and Pepper, 2014). Even though Africa accounts for only 

14.5% of the global population, it carries ~30% of the global disease burden 

(Alessandrini and Pepper, 2014).  With a high disease burden comes a large proportion 

of the population receiving some form of medication; however, it has become 

increasingly apparent that the majority of pharmaceutical drugs and their 

recommended doses do not have a uniform effect across all patients (Crews et al., 

2012). A given drug may be effective in one subset of patients, cause severe adverse 

drugs reactions (ADRs) in another, or may have no therapeutic effect at all, and an 

individual’s genetic composition plays a major role in this variable response to drugs. 

Specifically, genetic variation in genes that encode proteins that play a role in the 

absorption, distribution, metabolism, and excretion (ADME) of drugs has been shown 

to have a major impact on the pharmacokinetics, efficacy and safety of drugs (Santos 

et al., 2017). Genetic alterations that alter an individual’s ability to absorb, distribute, 

metabolise and excrete drugs include single nucleotide variations (SNVs), 

insertion/deletion polymorphisms (INDELs) as well as copy number variations (CNVs) 

(Johansson and Ingelman-Sundberg, 2009). Currently, known SNVs only explain a 

portion of the variation in drug efficacy and toxicity that is observed (He, Hoskins and 

McLeod, 2011), and while SNVs have been extensively studied, a systematic 

assessment of CNV in ADME genes is lacking (Santos et al., 2017). Whole genome 

sequencing (WGS) data will improve our knowledge of the CNV landscape in ADME 

genes. Furthermore, initiatives such as Human Heredity and Health in Africa (H3Africa) 

(Rotimi et al., 2014) will aid in improving our knowledge in the African context, which 

likewise is understudied.   

 
1.2 Pharmacogenomics and ADME genes 

Every individual has a different genetic makeup that influences not only their 

susceptibility to disease, but also their response to various drugs (Ahmed et al., 2016). 

While several factors contribute to an individual’s response to a particular drug, 

including physiological conditions, environmental influences as well as pathological 

factors (Akhondzadeh, 2014), genetic factors have been found to account for a large 
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proportion of variability in drug response (Kalow, Tang and Endrenyi, 1998). These 

differences create challenges when it comes to the optimization of drug and dosage 

regimes (Wilkinson, 2005), as a given drug may work effectively in one group of 

patients but may be ineffective or result in serious ADRs, and even death in another 

group of patients (Ahmed et al., 2016). Pharmacogenomics is therefore the study of 

how an individual’s genetic variation alters their response to drugs, with the aim of 

using a patient’s genotype as a rational means to optimise drug treatment (Saini, Saini 

and Sugandha, 2010; Crews et al., 2012).  

 

Heritability studies can provide an estimate of the relative contribution of genetic 

factors to a particular trait (Mroziewicz and Tyndale, 2010). It has been estimated that 

genetic factors account for 20–95% of the inter-individual variability in drug response 

that is observed, although this may vary from drug to drug (Kalow, Tang and Endrenyi, 

1998). However, determining the heritability of a trait such as drug response using 

traditional twin or family studies is challenging as family members will rarely be 

exposed to the same drug in real life (Zhou and Pearson, 2013). Furthermore, 

heritability may vary across populations, and thus heritability calculations based on 

European populations may not be transferable to African populations (Zhu and Zhou, 

2020). 

 

Drug response is predominantly determined by the pharmacodynamic and 

pharmacokinetic properties of a particular drug, and genetic variation may alter the 

efficacy or toxicity of a drug by modifying either one or both of these properties (Ahmed 

et al., 2016). Pharmacodynamics (PD) is defined as the study of how a drug affects its 

targets in a dose- and time-dependent fashion, while pharmacokinetics (PK) deals with 

how a drug is absorbed, distributed, metabolised and excreted over time (Pacey, 

Workman and Sarker, 2011). Absorption involves the movement of a drug from its site 

of delivery into the bloodstream (Paul, 2019). Once the drug has entered the 

bloodstream it is distributed throughout various tissues and fluids by drug transporters 

(Mehrotra et al., 2007). Lastly, the elimination of the drug occurs via metabolism and 

excretion. Metabolism is the process whereby the drug is converted into molecules 

that are more easily excreted into urine or bile (Mehrotra et al., 2007). Drug metabolism 

is predominantly carried out by Phase I and Phase II drug metabolising enzymes, and 

usually decreases the activity of the drug; however, in some cases the drug 

metabolites may have higher activity compared to the original compound (Mehrotra et 
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al., 2007). Excretion of the drug metabolites takes place via numerous pathways 

including the liver, lungs and skin, but the kidneys are the most significant organ for 

excretion (Mehrotra et al., 2007). 

 

 Genetic variability in ADME genes explains, to a large extent, failure to respond to 

particular pharmaceutical drugs as well as ADRs when a standard dose is 

administered (Johansson and Ingelman-Sundberg, 2009). To date, PharmaADME has 

identified 32 core ADME genes (Table A1), which are known to influence drug ADME, 

as well as 267 extended ADME genes (Table A2) with less direct evidence (Hovelson 

et al., 2017; PharmaADME.org, 2021). These genes are further separated into four 

categories: (1) Phase I metabolising enzymes that convert the parent drug into more 

active metabolites (Figure 1.1); (2) Phase II metabolising enzymes that convert the 

parent drug into more inactive metabolites (Figure 1.1); (3) transporters that are 

involved in the transport of the drug into and out of the cells and (4) modifiers that are 

able to either alter the gene expression of other ADME genes or the biochemistry of 

ADME enzymes (PharmaADME.org, 2021). 

 

 

Figure 1.1: Hepatic Phase I and Phase II metabolising enzymes and the reactions that 

they catalyse (adapted from Maheshwari et al., 2018). 

 

The cytochrome P-450 (CYP450) gene family is considered to be extremely important, 

if not the most important, for Phase I drug metabolism, based on the number of drugs 

that are metabolised by its protein products (Figure 1.1) (Mehrotra et al., 2007). The 

CYP3A subfamily is responsible for the metabolism of 30–40% of all currently 
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prescribed drugs (Mehrotra et al., 2007; Aka et al., 2017), CYP2D6 metabolises 

approximately 25% of drugs and the remaining CYPs metabolise a further 10% of 

drugs (Aka et al., 2017). Other Phase I drug metabolising enzymes include the alcohol 

dehydrogenases (ADHs) and aldehyde dehydrogenases (ALDHs) (Figure 1.1) (Sarkar 

and Ganguly, 2016). The main Phase II drug metabolising enzymes include UDP-

glucuronosyltransferases (UGTs), N-acetyltransferases (NATs), sulfotransferases 

(SULTs) and glutathione S-transferases (GSTs) (Figure 1.1) (Stingl, Brockmöller and 

Viviani, 2013). 

 

Genetic variation within drug metabolising genes can result in several phenotypes 

which have been standardised by the Clinical Pharmacogenetics Implementation 

Consortium (Caudle et al., 2017) as the following: (1) poor metaboliser (PM) 

phenotypes that are characterised by little to no enzyme activity due to combinations 

of non-functional alleles and/or decreased function alleles; (2) intermediate 

metaboliser (IM) phenotypes that are characterised by decreased enzyme activity due 

to combinations of normal function, decreased function, and/or non-functional alleles; 

(3) normal metaboliser (NM) phenotypes that are characterised by fully functional 

enzyme activity due to combinations of normal function and decreased function alleles; 

(4) rapid metaboliser (RM) phenotypes that are characterised by increased enzyme 

activity compared to NMs, but less than ultrarapid metabolisers, due to combinations 

of normal function and increased function alleles; and (5) ultrarapid metaboliser (UM) 

phenotypes that are characterised by increased enzyme activity compared to RMs due 

to two increased function alleles or more than two copies of normal function alleles 

(Table 1.1) (Stingl, Brockmöller and Viviani, 2013; Caudle et al., 2017).  

 

Drug transporters are also clinically important as they can modulate the 

pharmacological activity of drugs by affecting their intracellular concentrations 

(Scherrmann, 2009). The two main superfamilies of drug transporters include the ATP-

binding cassettes (ABCs) and solute carriers (SLCs) (Scherrmann, 2009; Rajman, 

Knapp and Hanna, 2020). Genetic variation within these genes may contribute to inter-

individual variability in drug response (Rajman, Knapp and Hanna, 2020) and four 

phenotypes have been standardized as: (1) poor function in which there is little to no 

transporter activity, (2) decreased function which is categorised by a decreased 

transporter function, (3) normal function where there is fully functional enzyme activity, 
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and (4) increased function which is categorised by increased transporter function 

compared to normal function (Table 1.1) (Caudle et al., 2017).   

 

Table 1.1: Consensus terms for allele functional status and phenotype from the Clinical 

Pharmacogenetics Implementation Consortium. (Caudle et al., 2017, licensed under 

Creative Commons CC BY 4.0 https://creativecommons.org/licenses/by/4.0/. No 

changes have been made to the figure content.) 

 

Clinically, the loss or reduction of enzyme activity can result in an altered response to 

drugs (Jarvis, Peter and Shaman, 2019). PMs and IMs may present with ADRs when 

a standard dose is administered due to the inability to clear the drug at a normal rate 

and toxic levels of the drug accumulating in the body (Jarvis, Peter and Shaman, 

2019). These patients may either require lower doses of the drug, or an alternate drug.  

In the case of prodrugs (molecules with little to no pharmacological activity until 

converted to the active drug in the body) (Rautio et al., 2018), PMs and IMs may fail to 

activate the prodrug to the levels required for effective treatment (Jarvis, Peter and 

Shaman, 2019). Increased enzyme activity also has important clinical implications. 

Standard doses of drugs administered in their active form may not produce effective 

https://creativecommons.org/licenses/by/4.0/


 7 

results in RMs and UMs as a result of the increased metabolism of the active drug into 

its excretable forms (Jarvis, Peter and Shaman, 2019). These patients may require 

increased doses in order to achieve effective treatment (Jarvis, Peter and Shaman, 

2019). Conversely, for prodrugs, a lowered dose may be required for RMs and UMs 

as the increase in metabolism of the inactive prodrug into active metabolites may result 

in toxic levels of the active metabolite accumulating in the body (Jarvis, Peter and 

Shaman, 2019).  

 
The use of pharmacogenomics to understand how genetic variation alters drug 

response will ultimately assist healthcare professionals in prescribing the most 

effective treatment for patients in terms of safety and efficacy (Ahmed et al., 2016). It 

has been estimated that pharmacogenomics will decrease ADRs by 10-20% and 

increase the efficacy of treatment by 10–15% (Ingelman-Sundberg, 2004). This 

approach will ensure maximum efficacy while minimizing adverse effects, thereby 

decreasing the overall cost of treatment (Saini, Saini and Sugandha, 2010; Crews et 

al., 2012). While pharmacogenetically relevant SNVs have been well characterised, an 

assessment of the CNV landscape is lacking. 

 
1.3 Copy Number Variation (CNV) 

Various types of genetic variation exist in the human genome, ranging from single 

nucleotide changes to large chromosomal alterations  (Eichler, 2019). In recent years, 

numerous studies have uncovered an abundance of submicroscopic CNVs involving 

DNA fragments that range from kilobases (kb) to megabases (Mb) in size (Freeman et 

al., 2006; Redon et al., 2006). These deletions, duplications and complex multisite 

variants are known collectively as copy number variations, and have been found in all 

humans and various other species (Feuk, Carson and Scherer, 2006; Freeman et al., 

2006). CNVs can be defined as a type of structural variation (SV) with copy number 

alterations involving a fragment of DNA that is greater than 50 bp in size (Eichler, 

2019). The lower size limit (50 bp) is an arbitrary threshold. Earlier studies defined the 

size of a CNV as larger than 1000 bp, followed by 100 bp, and currently, 50 bp (Pös et 

al., 2021). CNVs can be simple in structure, such as tandem deletions or duplications, 

or may be far more complex and involve gains or losses of homologous sequences at 

multiple sites across the genome (Redon et al., 2006). Alleles containing between zero 

and 13 gene copies have been reported across the human genome (Weinshilboum, 

2003). 
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One of the important insights gained by the Human Genome Project (HGP) was that 

the abundance of single nucleotide polymorphisms (SNPs) present across the genome 

was recognised as a major source of genetic variation (Ionita-laza et al., 2010). This 

led to the idea that the majority of the phenotypic variability observed in the human 

population was the result of these single base changes (Freeman et al., 2006). 

Consequently, major efforts were put into the detection and analysis of SNPs and little 

attention was paid to any other form of genetic variation (Ionita-laza et al., 2010). Only 

recently, has the crucial role that CNVs play been recognised (Ionita-laza et al., 2010), 

and it is now believed that CNVs contribute as much to genetic variation as SNPs do 

(Fiegler et al., 2006; Freeman et al., 2006). Furthermore, CNVs account for a large 

portion of the human genome, with approximately 12% of the human genome 

subjected to CNV (Hastings et al., 2009), further validating the importance of CNVs. 

Several databases containing known CNVs now exist and include the Database of 

Genomic Variants (DGV) which contains ~7 million CNVs (MacDonald et al., 2014), 

the Children’s Hospital of Philadelphia’s Copy Number Variation Project which contains 

~50 000 CNVs (Shaikh et al., 2009) and various others.    

 

1.3.1 Types of CNVs 

Whilst little is known about the molecular mechanisms behind the formation of CNVs, 

they can be separated into two major classes, namely, recurrent CNVs and non-

recurrent CNVs, which have distinctly different methods of formation as well as 

structures (Hastings, Ira and Lupski, 2009; Arlt, Wilson and Glover, 2012). Recurrent 

CNVs, which account for between 20% and 40% of CNVs, have recurrent or common 

breakpoints that occur within segmental duplications, while non-recurrent CNVs have 

unique breakpoints that are scattered randomly across the genomic region and are not 

dependent on segmental duplications (Figure 1.2) (Gu, Zhang and Lupski, 2008; 

Hastings, Ira and Lupski, 2009; Arlt, Wilson and Glover, 2012). While most non-

recurrent CNVs are tandem duplications or simple deletions, some are far more 

complex and may contain deleted and duplication regions within the same CNV, as 

well as pieces of normal sequences or inversions (Arlt, Wilson and Glover, 2012).  

 

Recurrent CNVs are believed to arise due to non-allelic homologous recombination 

(NAHR), which is usually caused by the misalignment of large flanking segmental 

duplications during the process of meiosis (Figure 1.2) (De Smith et al., 2009; 
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Hastings, Ira and Lupski, 2009; Arlt, Wilson and Glover, 2012). While the mechanism 

behind the formation of recurrent CNVs is fairly well understood, the molecular 

processes that result in non-recurrent CNVs have yet to be fully elucidated. It is 

suspected, however, that errors occurring in DNA replication during mitosis, rather than 

meiotic homologous recombination, give rise to non-recurrent CNVs (Arlt, Wilson and 

Glover, 2012). Secondly, similar CNVs have been induced experimentally through the 

inhibition of replication and the creation of “replication stress” conditions (Arlt, Wilson 

and Glover, 2012). This work suggests that the simplest model for the formation of 

non-recurrent CNVs involves the incorrect restoration of stalled replication forks during 

DNA replication (Arlt, Wilson and Glover, 2012). Further experimental work is required 

to better understand the mechanisms behind the formation of non-recurrent CNVs. 

 

Figure 1.2: Two major categories of CNVs (A) Recurrent CNV with a similar size and 

clustered/recurrent breakpoints. Recurrent CNVs are most commonly the result of non-

allelic homologous recombination (NAHR) when there is a misalignment of the large 

flanking segmental duplications during meiosis. (B) Non-recurrent CNV with non-

recurrent breakpoints occurring randomly throughout the genomic region of interest 

(adapted from Gu, Zhang and Lupski, 2008). 

 

1.3.2 Effects of CNVs and distribution throughout the genome 

CNVs can have an effect on the phenotype by directly affecting gene dosage, thus 

altering the level of gene expression, and may also have significant impacts on protein 
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sequence, structure and function (Lee and Jeon, 2008; Zhao et al., 2013). Depending 

on the gene element that is affected, CNVs can have varying consequences (Cabianca 

and Gabellini, 2010a). If an entire gene(s) locus is involved, the gene dosage may be 

altered resulting in either gene amplification or deletion (Figure 1.3) (Stranger et al., 

2007; De Smith et al., 2009). Alternatively, if only part of a gene, such as an exon of a 

protein-coding gene, is affected by a CNV, the  protein structure and function can be 

altered resulting in an aberrant protein being produced (Figure 1.3) (De Smith et al., 

2009; Cabianca and Gabellini, 2010a). CNVs can also lead to altered splicing or an 

alteration in the production of non-coding RNA (ncRNA) in cases where a non-coding 

portion of a gene is affected by a CNV (Figure 1.3) (Stranger et al., 2007; De Smith et 

al., 2009; Cabianca and Gabellini, 2010a). Lastly, CNVs within extragenic regions can 

alter gene expression if they occur within regulatory regions (Figure 1.3) (De Smith et 

al., 2009). However, while copy number is known to be functionally significant, these 

functions have yet to be fully elucidated (Redon et al., 2006). 

 

 

 

 

 

 

 

 

 

 

 

 

Figure 1.3: Consequences of CNVs based on the gene element that is affected 

(adapted from Cabianca and Gabellini, 2010a).  

 

Studies have shown that CNVs are distributed heterogeneously/non-randomly across 

the genome (Redon et al., 2006), and are significantly more likely to occur close to 

telomeres and centromeres due to the repetitive nature of these regions (Nguyen, 

Webber and Ponting, 2006; De Smith et al., 2009). However, there is no region of the 

genome in which CNVs do not occur (Redon et al., 2006). Interestingly, the relationship 

between the size of a chromosome and the number of CNVs it contains is non-linear 
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(De Smith et al., 2009). Differences in genomic structure between the chromosomes 

plays a role in the number of CNVs a chromosome contains (De Smith et al., 2009). 

For example, chromosome 18 has ~20% CNV sequence whereas chromosome 19 has 

greater than 40% CNV sequence (De Smith et al., 2009). Chromosome 19 contains a 

large proportion of segmental duplications which may result in an increased presence 

of CNVs on this chromosome compared to other larger chromosomes (Grimwood et 

al., 2004; De Smith et al., 2009). 

 

Furthermore, certain gene categories are enriched for CNVs (De Smith et al., 2009). 

Gene Ontology analyses have revealed that genes involved in the immune system, 

development of the brain, neurophysiological processes and processing of external 

stimuli have been shown to be enriched for CNVs  (Feuk, Carson and Scherer, 2006; 

de Smith et al., 2007). On the other hand, genes that are involved in early development 

and cell signalling and division, as well as those involved in nucleic acid metabolism, 

have been shown to contain fewer CNVs (Conrad et al., 2006; Redon et al., 2006). 

 

1.3.3 Techniques used to identify CNVs 

 

Array-based CNV detection 

CNVs were traditionally identified through cytogenetic techniques, including 

karyotyping and fluorescence in situ hybridisation (FISH), and, more recently, through 

array-based technologies, which allowed for a more comprehensive view of CNVs 

throughout the genome (Carter, 2007; Buysse et al., 2009). High-throughput, high-

density genotyping technologies that are used in genome-wide association studies 

(GWAS) can also be used for the detection of CNVs (Lin, Naj and Wang, 2013). 

Although genotyping arrays were originally developed in order to determine the bases 

present at certain SNPs, the signal intensity information derived from these arrays has 

increasingly been used to detect CNVs (Carter, 2007). In general, tools that can detect 

CNVs from array data are categorised as either individual-wise analysis or joint 

analysis of multiple individuals (Zhang et al., 2019).  

 

Tools that involve individual-wise analysis include PennCNV (Colella et al., 2007) and 

QuantiSNP (Wang et al., 2007). These approaches make use of various types of 

information obtained from SNP probes using Illumina platforms as well as other 

information such as population frequencies at each locus and linkage disequilibrium 
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(LD) structure between adjacent loci (Wang et al., 2009; Zhang et al., 2019). In general, 

individual-wise approaches are successful in detecting rare, large CNVs spanning at 

least ten probes on a SNP array (Zhang et al., 2019). However, this type of analysis 

can be error-prone as these methods are reliant on the assumption that allele 

intensities are properly normalized such that they are comparable across probes 

throughout the genome and are less affected by differences such as GC content at 

different loci (Zhang et al., 2019). Moreover, comparing CNVs between different 

individuals can be difficult, as the individual-level CNV calls are often uniform across 

individuals (Zhang et al., 2019).  

 

Joint analysis of multiple individuals takes advantage of consensus CNV signals 

across individuals, which are particularly useful for the detection of CNVs that occur in 

multiple individuals (Zhang et al., 2019). Tools that utilise this approach include 

iPattern (Pinto et al., 2011), Piet (Zhang, Lange and Sabatti, 2012), and msscan 

(Zhang et al., 2019). These tools align CNVs that are found in multiple individuals into 

CNV regions (CNVRs), which makes downstream analysis easier (Zhang et al., 2019). 

However, the exact breakpoints of the CNVs within CNVRs are often unknown and 

these approaches are less sensitive to detecting rare CNVs (Zhang et al., 2019).  

 

Additionally, SNP haplotypes that tag or are able to predict the presence of a CNV can 

be identified (Nyangiri et al., 2020). These haplotypes are not only associated with the 

presence of absence of a CNV, but also with the likely copy number (CN) of the CNV 

(Nyangiri et al., 2020). Using this approach CNVs that have previously been tagged by 

SNP haplotypes can be inferred from SNP array data without having to perform CNV 

calling. 

 

Short-read sequencing-based CNV detection 

The recent emergence of next generation sequencing (NGS) technology such as short-

read WGS has allowed for higher coverage and resolution of the genome as well as 

encouraged the development of tools for detecting and interpreting CNVs (Meyerson, 

Gabriel and Getz, 2010; Alkan, Coe and Eichler, 2011; Koboldt et al., 2012; Zhao et 

al., 2013; Santos et al., 2017). This has allowed for a more accurate determination of 

CN, higher sensitivity with respect to the sizes and types of variation that can be 

detected, more accurate breakpoint determination and, lastly, an increased ability to 

detect novel CNVs (Meyerson, Gabriel and Getz, 2010; Alkan, Coe and Eichler, 2011; 
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Koboldt et al., 2012). Importantly, NGS has allowed for the precise determination of 

breakpoints, which is critical in determining the functional impact of the variant as well 

as inferring the mutational mechanisms of origin (Mills et al., 2011; Koboldt et al., 

2012). Currently, deep-coverage, paired-end WGS is the gold standard for CNV 

detection in population-wide studies and provides the highest sensitivity and resolution 

in CNV detection from short-read sequencing data (Zhou et al., 2017). 

 

There are four main approaches that can be used for the identification of CNVs from 

short-read WGS data, namely Read Pair (RP), Read Depth (RD), Split Read (SR) and 

Assembly (AS) methods (Figure 1.4) (Zhao et al., 2013; Pirooznia, Goes and Zandi, 

2015). The RP method uses read pairs whose distances are significantly different from 

the predetermined average insert size in order to identify CNVs (Figure 1.4) (Zhao et 

al., 2013). In other words, the average insert size of the actual sequenced read-pairs 

is compared to the expected insert size based on the reference genome (Pirooznia, 

Goes and Zandi, 2015). An insert size that is shorter than predicted is an indication of 

a deletion, whereas an insert size that is longer than predicted is an indication of a 

duplication (Pirooznia, Goes and Zandi, 2015) (Figure 1.4). However, this approach 

has a limited ability to call CNVs that are larger than the average insert size (Zhao et 

al., 2013). The SR-based approach uses reads from paired-end sequencing where 

only one of the reads of the pair has mapped accurately while the other read has 

partially or completely failed to map to the reference genome (Figure 1.4) (Zhang et 

al., 2011; Zhao et al., 2013). The partially mapped reads or unmapped reads are then 

fragmented and the first and last fragments are aligned to the reference genome 

independently (Zhao et al., 2013). This method is thus able to provide accurate 

breakpoint information, down to the single base pair level (Zhao et al., 2013); however, 

it is limited to the length of the reads and thus cannot call larger CNVs (Pirooznia, Goes 

and Zandi, 2015). Both the RP and SP approaches are able to report the position of a 

CNV, but not the exact CN (Pirooznia, Goes and Zandi, 2015). RP-based tools include 

PEMer (Korbel et al., 2009) and BreakDancer (Chen et al., 2009), while Pindel (Ye et 

al., 2009), SVseq2 (Zhang, Wang and Wu, 2012) and Prism make use of the SR 

approach include (Jiang, Wang and Brudno, 2012).  
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Figure 1.4: Four main approaches used for the detection of CNVs from WGS data, 

namely (1) Read-Pair (RP); (2) Split-read (SR); (3) Read-depth (RD) and (4) Assembly 

(AS). (Pirooznia at al., 2015, licensed under Creative Commons CC BY 4.0 

https://creativecommons.org/licenses/by/4.0/. No changes have been made to the 

figure content.) 

 

The RD-based approach is based on the hypothesis that depth of coverage is 

correlated with CN (Figure 1.4) (Teo et al., 2012). Therefore, a deletion would result in 

a lower read depth than expected, while a duplication would result in a higher read 

depth than expected (Zhao et al., 2013). In general, RD-based methods follow a four-

step procedure: (1) mapping; the reads are aligned to the reference genome and the 

RD is determined by counting the number of reads within a predefined window; (2) 

normalisation; the read counts are normalized to account for potential biases such as 

GC content and repetitive regions; (3) estimation of CN; CN is estimated along the 

chromosome to identify gains and losses, and (4) segmentation; genomic regions with 

a similar CN are merged to detect discordant CN regions (Zhao et al., 2013). 

Compared to the SR- and RP-based approaches, which can only determine the 

location of CNVs, RD-based methods are able to detect the exact CN (Zhao et al., 

2013; Pirooznia, Goes and Zandi, 2015). RD-based methods are also able to detect 

large CNVs and CNVs in complex genomic regions (Yoon et al., 2009), but are unable 

https://creativecommons.org/licenses/by/4.0/
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to determine exact breakpoints (Pirooznia, Goes and Zandi, 2015). CNVnator (Abyzov 

et al., 2011), RDXplorer (Yoon et al., 2009) and cn.MOPS (Klambauer et al., 2012) 

make use of the RD-based approach.  

 

All three of the above methods initially align the NGS reads to a reference genome 

before CNV detection (Zhao et al., 2013). Instead, the AS approach first assembles 

overlapping reads to form contigs which are then compared to the reference genome 

in order to identify regions with inconsistent CN (Figure 1.4) (Nijkamp et al., 2012; Teo 

et al., 2012; Zhao et al., 2013). This is an unbiased approach to detecting novel CNVs; 

however, this approach requires extensive computational power and performs poorly 

in complex genomic regions (Zhao et al., 2013; Pirooznia, Goes and Zandi, 2015). 

Magnolya (Nijkamp et al., 2012) makes use of the AS-based approach.  

 

As discussed above, each approach has its own limitations and advantages. 

Therefore, more recent tools have combined different approaches in order to take 

advantage of the useful features of each approach, thereby facilitating more accurate 

CNV detection (Zhao et al., 2013; Pirooznia, Goes and Zandi, 2015). Tools that make 

use of a combination of approaches include GenomeSTRiP (RP and RD) (Handsaker 

et al., 2015), Manta (RP, SR and AS) (Chen et al., 2016), Lumpy (RP, SR and RD) 

(Layer et al., 2014) and Delly (RP and SR) (Rausch et al., 2012). 

 

Long read sequencing-based CNV detection 

Short-read sequencing (~150–300 bp read length) poses a major limitation in the 

identification of structural variants including CNVs. It has been demonstrated that even 

with the use of sophisticated algorithms, it remains difficult to accurately align short 

reads that originate from regions that contain SVs, thus making SV calling difficult and 

inaccurate (Mantere, Kersten and Hoischen, 2019). Furthermore, phasing information, 

which allows for more accurate population genetic analyses, is often lost with short-

read sequencing data (Delaneau et al., 2013), and breakpoints, that are important for 

determining the functional impact of a CNV, are difficult to determine (Mahmoud et al., 

2019). Additionally, the data analysis of short-read sequencing is highly dependent on 

a reference genome, which has been shown to introduce bias (Genovese et al., 2013). 

This is particularly problematic for the detection of SVs as they have been shown to be 

highly population- or individual-specific (Chaisson, Wilson and Eichler, 2015).  
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The emergence of long-read sequencing technologies has the potential to overcome 

the above-mentioned issues associated with short-read sequencing, and provide an 

improvement in the characterization of genetic variants, including CNVs (Mantere, 

Kersten and Hoischen, 2019). With a read-length of >10 kb, longer reads offer the 

advantage of spanning an entire CNV, making alignment and CNV calling far more 

accurate (Mantere, Kersten and Hoischen, 2019). This approach also allows for 

phasing and the more accurate determination of CNV breakpoints. Importantly, long-

read sequencing allows for de novo assembly of the genome, thereby avoiding the 

limitations associated with aligning reads to a reference genome (Chaisson, Wilson 

and Eichler, 2015). 

 

The two long-read sequencing methods that are commercially available are (1) 

nanopore sequencing by Oxford Nanopore Technologies (ONT) and (2) single-

molecule real-time (SMRT) sequencing by Pacific Biosciences (PacBio) (Clarke et al., 

2009; Eid et al., 2009). Both PacBio and ONT sequencing methods can generate reads 

that are thousands of base pairs in length, thus spanning entire CNVs (Mahmoud et 

al., 2019). Current long-read based approaches are mostly always dependant on the 

underlying sequencing technology, with tools that can only be used on either PacBio 

data or ONT data, but not both (Mahmoud et al., 2019). For PacBio long-read data, 

three main tools for SV calling have been developed, namely PacBio’s own tool, pbsv 

(Pacific Biosciences, 2017), as well as PBHoney (English, Salerno and Reid, 2014) 

and SMRT-SV (Huddleston et al., 2017). For ONT data, NanoSV (Cretu Stancu et al., 

2017) has been developed for calling SVs. The only tool  that can be used on both 

PacBio and ONT data is Sniffles (Sedlazeck et al., 2018). 

 

Even though we are still in the early stages of developing tools to call SVs from long-

read sequencing data, overall, long-read approaches for calling SVs, including CNVs, 

have been seen to outperform short-read based approaches (Mahmoud et al., 2019). 

Although the single-base error rate of this sequencing approach was initially high 

(Mahmoud et al., 2019), it has been significantly reduced in recent years, with current 

error rates of <1% (Amarasinghe et al., 2020). However, the requirement for relatively 

large quantities of high quality DNA (Ardui et al., 2018) and the high cost of sequencing, 

has resulted in this approach not being used regularly for SV detection  (Mahmoud et 

al., 2019).  
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1.4 CNVs and Pharmacogenomics 

Despite the fact that SNVs are the most widely studied source of genetic variation, they 

only explain a portion of the variation in drug efficacy and toxicity that is observed 

(Ramírez et al., 2019). Recent studies have revealed that some of this unexplained 

variability in drug response may be due to the presence of CNVs (Redon et al., 2006; 

Ramírez et al., 2019). Functionally important CNVs within several important ADME 

genes, including CYP2D6, CYP2A6 (Phase I metabolisers), GSTM1, GSTT1, 

UGT2B17, UGT2B28 and SULT1A1 (Phase II metabolisers), have already been 

identified (He, Hoskins and McLeod, 2011; Ramírez et al., 2019; Tremmel et al., 2020).  

 

1.4.1 CYP2D6 

The CYP2D6 Phase I drug metabolising enzyme is responsible for the metabolism of 

approximately 25% of prescribed drugs (Zhou, 2009; He, Hoskins and McLeod, 2011). 

However, the CYP2D6 gene locus is highly polymorphic, making it one of the most 

difficult ADME genes to genotype (Goh et al., 2017). CYP2D6 is located on 

chromosome 22q13.1 and forms a gene cluster with pseudogenes, CYP2D7 and 

CYP2D8 (Goh et al., 2017). The genetic complexities associated with CYP2D6 are the 

result of SNVs within the gene, duplications and deletions of the gene as well as within 

the gene, and recombination events with the highly homologous neighbouring 

pseudogene, CYP2D7 (Goh et al., 2017; Del Tredici et al., 2018). As a result of the 

large amounts of variation that exist within this gene, the function of CYP2D6 is highly 

variable and phenotypes can range from PMs with no enzyme activity at all, to UMs 

with significantly increased enzyme activity (Del Tredici et al., 2018).  

 

CNVs within CYP2D6 contribute significantly to the CYP2D6 phenotype diversity that 

is observed in the clinic (He, Hoskins and McLeod, 2011). The presence of more than 

two copies of CYP2D6 normal functioning alleles (e.g.*1×N, *2×N, *33×N, *35×N 

whereby 2<N<13) (Figure 1.5C) (He, Hoskins and McLeod, 2011; Del Tredici et al., 

2018) has been shown to elevate CYP2D6 enzyme activity, and individuals with these 

alleles are classified as UMs of CYP2D6 substrates (Ingelman-Sundberg, 2005). In 

“Asian” (i.e. Central Asian, East Asian, South Asian, Southeast Asian or Western 

Asian) and “Caucasian” (i.e. European, American or similar) populations, duplicated 

normal functioning alleles are observed at a frequency of 0.5–1.5% (Sistonen et al., 

2007), while in African populations gene duplications with UM phenotypes are more 
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common, with a frequency between 1.6–3.3% (Griese et al., 1999; Fuselli et al., 2010). 

Multiple copies of non-functional alleles (*4×N, *36×N) (Figure 1.5D, Figure 1.5E) and 

reduced function alleles (*10×N, *17×N) (He, Hoskins and McLeod, 2011; Del Tredici 

et al., 2018) have also been reported;  however, these individuals do not display 

increased metabolism of CYP2D6 substrates (Ishiguro et al., 2004). Gene deletion of 

one or both copies of CYP2D6 (*5) (Figure 1.5B) (He, Hoskins and McLeod, 2011; Del 

Tredici et al., 2018) results in the loss of production of CYP2D6 protein (Steen et al., 

1995). These individuals have impaired metabolism of CYP2D6 substrates and are 

classified as PMs (He et al., 2012). The frequency of CYP2D6*5 gene deletions is fairly 

consistent across most populations (2–7%) (Bradford, 2002).  

 

 

 

 

 

 

 

 

 

 

 

 

 

      

 

 

 

 

 

Figure 1.5: Overview of SV in the CYP2D6 gene. (A) Reference gene locus. (B) 

Deletion of entire CYP2D6 gene (CYP2D6*5). (C) Duplications or multiplications of 

functional or non-functional alleles. (D) SVs involving CYP2D6*4. (E) SVs involving 

CYP2D6*36. (Del Tredici et al., 2018, licensed under Creative Commons CC BY 4.0 

https://creativecommons.org/licenses/by/4.0/. No changes have been made to the 

figure content.) 

https://creativecommons.org/licenses/by/4.0/
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1.4.2 CYP2A6 

The CYP2A6 enzyme is primarily responsible for the metabolism of nicotine into its 

inactive metabolite cotinine (Tyndale and Sellers, 2001). Genetic variation within this 

gene has been shown to influence inter-individual variability in nicotine metabolism as 

well as smoking behaviour and cancer risk (Kamataki et al., 2005). Both full gene 

deletions and duplications of the CYP2A6 gene have been reported across various 

populations (Martis et al., 2013). The full gene deletion allele is known as CYP2D6*4, 

and individuals who are homozygous for this deletion have a complete lack of enzyme 

activity (Ito et al., 2015). The frequency of the CYP2A6*4 allele varies across 

populations and ranges from 0% in Ashkenazi Jewish individuals to 1.5% in 

“Caucasian” (i.e. European, America or similar) individuals, 3.8% in African American 

individuals and 8.3% in “Asian” (i.e. Central Asian, East Asian, South Asian, Southeast 

Asian or Western Asian) individuals (Martis et al., 2013). Full gene duplications of 

CYP2A6 are less common and are generally observed at a frequency of < 2% across 

populations (Martis et al., 2013). 

 

1.4.3 Glutathione S-transferases (GSTs) 

The GST enzyme superfamily is responsible for the detoxification of several 

exogenous substances including carcinogens and therapeutic drugs (He, Hoskins and 

McLeod, 2011). Two of the GST genes which have been shown to harbour CNVs are 

GSTM1 and GSTT1, and studies have shown that full gene deletions of these genes 

are relatively common (He, Hoskins and McLeod, 2011). Approximately 50% and 30% 

of European individuals are homozygous for GSTM1 and GSTT1 gene deletions, 

respectively (Garte et al., 2001; Piacentini et al., 2011). These frequencies are slightly 

different in African populations with >27% of individuals being homozygous for GSTM1 

gene deletions and >37% of individuals being homozygous for GSTT1 gene deletions 

(Garte et al., 2001; Piacentini et al., 2011). While GSTM1 and GSTT1 full gene 

deletions are common across various populations, GSTT1 gene duplications have not 

been reported and GSTM1 gene duplications are rare (He, Hoskins and McLeod, 

2011). Due to their role in the detoxification of drugs, individuals with GSTM1 and 

GSTT1 genes deletions are at an increased risk of developing drug-related toxicities 

(He, Hoskins and McLeod, 2011). 
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1.4.4 UDP-glucuronosyltransferases (UGTs) 

UGTs are the second largest contributor to drug metabolism after the CYP450 

enzymes (Williams et al., 2004). CNVs have been reported in two of the UGT genes, 

namely UGT2B17 and UGT2B28, which have been identified as two of the most 

commonly deleted genes in the human genome (McCarroll et al., 2006; Ménard et al., 

2009). UGT2B17 is a Phase II metabolising enzyme and contributes to the metabolism 

of several drugs (Gaedigk and Leeder, 2012). Full gene deletions of the gene have 

been observed at a high frequency of ~60% in European individuals (Tremmel et al., 

2020), and approximately 12% of European individuals harbour a homozygous 

UGT2B17 deletion (Wilson et al., 2004; Gallagher et al., 2007). UGT2B17 gene 

duplications are extremely rare and have only been reported in a handful of individuals 

(Gaedigk and Leeder, 2012). Previous studies have shown that full gene deletions of 

UGT2B28 are less common when compared to UGT2B17 (Habibi et al., 2017). In 

individuals of European descent, the UGT2B28 gene deletion is observed at a 

frequency of 28.7% (Tremmel et al., 2020). CNVs in these UGT genes seem to be a 

major source of variability in gene expression, and therefore may play a role in the 

variability in clinical response to various drugs (Ménard et al., 2009). 

 

1.4.5 SULT1A1 

SULT1A1 is involved in the metabolism of various exogenous substances and its 

enzyme activity has an influence on the drug response to various drugs (Yu et al., 

2013). In fact, studies have shown that SULT1A1 CNVs are highly correlated with 

enzyme activity, and that variability in enzyme activity is best explained by CNVs rather 

than SNPs (Hebbring et al., 2007; Gaedigk and Leeder, 2012). Individuals with 

deletions or duplications are classified as slow sulfators and rapid sulfators 

respectively (Hebbring et al., 2007). SULT1A1 gene deletions and the resulting slow 

sulfator phenotype have been observed across multiple populations, with frequencies 

ranging from 3.3% in African American individuals to 8.4% in “Caucasian” individuals 

(i.e. European, American or similar) (Vijzelaar et al., 2018). SULT1A1 gene 

duplications, with a CN as high as six copies, are far more common and are observed 

at a frequency of 60.9% in African American individuals (Gaedigk and Leeder, 2012; 

Vijzelaar et al., 2018). Additionally, individuals of African descent are more likely to 

have higher CNs (Hebbring et al., 2007; Gaedigk and Leeder, 2012). 
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A recent study by Santos and colleagues provided the first assessment of CNV across 

ADME genes (Santos et al., 2018). Their work involved the analysis of whole genome 

sequences (obtained from the 1000 Genomes Project (1KGP)) as well as whole exome 

sequences (obtained from the Exome Aggregation Consortium) in order to identify 

CNVs in 208 pharmacogenes (Santos et al., 2018).  Their study revealed that 97% of 

the ADME genes included in the study contained novel CNVs and in total, 2 611 

deletions and 2 978 duplications were detected (Santos et al., 2018). Deletions were 

identified in 84% of ADME genes, and all of the previously well-characterised CNVs 

involving CYP2A6, CYP2D6, UGT2B17, UGT2B28, GSTM1, GSTT1 and SULT1A1 

were identified (Santos et al., 2018). Novel ADME gene deletions were observed most 

commonly in African individuals at a frequency of 4.2%, and aggregated CNV 

frequencies were highest in African individuals (7.2%) (Santos et al., 2018). 

 

Tremmel and colleagues performed the most recent CNV profiling in pharmacogenes 

using pane-based exome resequencing (Tremmel et al., 2020). Their study focussed 

on full-gene CNVs (encompassing at least 60% of the gene) and they identified 445 

deletions and 167 duplications in 36 pharmacogenes. These included all of the well-

known CNVs of CYPs, GSTs, SULTs and UGTs, previously described as rare CNVs, 

as well as novel CNVs (Tremmel et al., 2020). The most frequent CNVs were deletions 

of GSTM1, GSTT1 and UGT2B17 (Tremmel et al., 2020). 

 

1.5 Important drugs and ADME genes in Sub-Saharan Africa (SSA) 

Africa is the continent most affected by disease – both communicable and non-

communicable (Alessandrini and Pepper, 2014). Although Africa accounts for only 

14.5% of the global population, it carries ~30% of the global disease burden 

(Alessandrini and Pepper, 2014). Sub-Saharan Africa (SSA) in particular carries over 

90% of the world’s malaria burden and related deaths (World Health Organization, 

2020a), as well as ~25% of the world’s Tuberculosis (TB) burden (World Health 

Organization, 2020b). Furthermore, ~70% of individuals infected with Human 

immunodeficiency virus (HIV) are located in SSA (Avert, 2020). In addition, SSA is 

experiencing a rapidly increasing epidemic of non-communicable diseases (NCDs) 

including cardiovascular diseases, diabetes mellitus, respiratory diseases, cancer and 

neuropsychiatric disorders (Mayosi et al., 2009; Nyirenda, 2016). Even though the 

burden of infectious disease currently outweighs that of NCDs in SSA, the burden of 
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NCDs is expected to overtake that of infectious diseases by 2035 (Nyirenda, 2016). 

The following sections will detail the drugs frequently prescribed for common diseases 

in SSA, as well as the ADME genes involved in their metabolism. 

 

1.5.1 Antiretrovirals (ARVs)  

Various ARV drugs are currently available in Africa, including but not limited to 

efavirenz, dolutegravir, raltegravir, nevirapine, ritonavir and lopinavir (Meintjes et al., 

2017). Additionally, ARVs are most commonly administered together in a single pill 

called a Fixed Dose Combination (FDC) with the aim of reducing the number of pills 

an individual needs to take, thereby increasing adherence to treatment (Meintjes et al., 

2017; Clinical Info HIV.gov, 2021). Two of the most common FDCs for first-line 

treatment include tenofovir and emtricitabine in combination with either efavirenz or, 

more recently, dolutegravir (Meintjes et al., 2017).  

 

The World Health Organization (WHO) guidelines previously recommended efavirenz-

based first-line Antiretroviral Treatment (ART) (World Health Organization, 2018), and 

as such, this drug is available in public sector programs in most countries in southern 

Africa (Meintjes et al., 2017). Efavirenz is metabolised primarily by CYP2B6, while 

CYP3A4, CYP3A5, CYP2C9, CYP1A1, CYP2A6 and UGT2B7 provide a minor 

contribution to its metabolism (Table 1.2) (Bains, 2013; Dandara et al., 2014; Elliot, 

Mahungu and Owen, 2017). Subsequently, dolutegravir has been shown to be superior 

to efavirenz-based treatment due to its high potency and barriers to resistance, as well 

as good tolerability (Phillips et al., 2019). For these reasons the WHO updated its 

guidelines, recommending the use of dolutegravir in first-line treatment regimens 

(World Health Organization, 2018; Phillips et al., 2019). However, this drug is primarily 

available in the private sector, with only a few countries in SSA offering it in the public 

sector (Meintjes et al., 2017). Nevertheless, it is likely to become more accessible in 

the public sector in the future, when more affordable generic options are available on 

a larger scale (Meintjes et al., 2017). In some treatments, dolutegravir is replaced by 

raltegravir (Meintjes et al., 2017), both of which are metabolised primarily by UGT1A1 

(Table 1.2) (Kassahun et al., 2007; Castellino et al., 2013; Elliot, Mahungu and Owen, 

2017).  
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Table 1.2: Major and minor genes involved in the ADME of commonly used 

antiretrovirals, antimalarial and anti-TB drugs. 

 

Another option in first-line HIV treatment is nevirapine; however, this is no longer 

recommended for new patients starting ART due to the severe toxicity that is often 

associated with its use (Meintjes et al., 2017). Nevirapine is primarily metabolised by 

CYP2B6 and CYP3A4, with contributions from CYP3A5 and GSTM1 (Table 1.2) 

(Bains, 2013; Dandara et al., 2014; Ciccacci et al., 2017; Elliot, Mahungu and Owen, 

2017).  

Drug Class Drug Name 
Major ADME 

genes involved 

Minor ADME genes 

involved 
References 

Antiretroviral Efavirenz CYP2B6 CYP3A4, CYP3A5, 

CYP2C9, CYP1A1, 

CYP2A6, UGT2B7 

(Bains, 2013; Dandara et al., 2014; Elliot, 

Mahungu and Owen, 2017) 

Nevirapine CYP2B6, CYP3A4 CYP3A5, GSTM1 (Bains, 2013; Dandara et al., 2014; Ciccacci et 

al., 2017; Elliot, Mahungu and Owen, 2017) 

Dolutegravir UGT1A1  (Castellino et al., 2013; Elliot, Mahungu and 

Owen, 2017) 

Raltegravir UGT1A1  (Kassahun et al., 2007; Elliot, Mahungu and 

Owen, 2017) 

Ritonavir CYP3A4, CYP3A5  (Bains, 2013; Dandara et al., 2014; Elliot, 

Mahungu and Owen, 2017) 

Lopinavir CYP3A4, CYP3A5 SLOCO1B1 (Bains, 2013; Dandara et al., 2014; Elliot, 

Mahungu and Owen, 2017) 

Antimalarial Chloroquine CYP2C9, 

CYP3A4, CYP3A5 

CYP1A2, CYP2A6, 

CYP2B6, CYP2C19, 

CYP2D6 

(Bains, 2013; Dandara et al., 2014) 

Amodiaquine CYP2C8 CYP2D6, CYP3A4 (Dandara et al., 2014; Elliot, Mahungu and 

Owen, 2017) 

Mefloquine CYP3A4, CYP1A2 ABCB1, CYP2A6, 

CYP2B6, CYP2C9, 

CYP2C19 

Dandara et al., 2014; Elliot, Mahungu and 

Owen, 2017) 

Quinine CYP3A4, CYP3A5 CYP2B6 (Bains, 2013; Elliot, Mahungu and Owen, 

2017; Zhou et al., 2019) 

Artemether CYP3A4, 

CYP3A5, 

CYP2A6, UGT1A9 

CPY2B6,  UGT2B7 (Navaratnam et al., 2000; Ilett et al., 2002; Ali 

et al., 2010; Bains, 2013; Dandara et al., 2014; 

Zang et al., 2014; Elliot, Mahungu and Owen, 

2017) 

Lumefantrine CYP3A4, CYP3A5 CYP2B6, CYP1A2, 

CYP2C9,  CYP2C19 

(Dandara et al., 2014; Abdullahi et al., 2020) 

Artesunate CYP3A4, 

CYP3A5, 

CYP2A6, UGT1A9 

CPY2B6,  UGT2B7 (Ilett et al., 2002; Zang et al., 2014; Elliot, 

Mahungu and Owen, 2017) 

Anti-TB Isoniazid NAT2, CYP2E1, 

GSTM1, GSTT1 

 (Bains, 2013; Wang et al., 2016; Elliot, 

Mahungu and Owen, 2017) 

Rifampicin CYP3A4, 

CYP3A5, CYP2B6 

CYP2C8, CYP2C9, 

UGTs, GSTs 

(Elliot, Mahungu and Owen, 2017; Sloan et al., 

2017) 
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When first-line treatment fails due to drug resistance, second-line ARV treatment is 

prescribed (Meintjes et al., 2017). ARV drugs prescribed as second-line treatment 

include ritonavir and lopinavir (Meintjes et al., 2017). Both drugs are metabolised by 

CYP3A4 and CYP3A5 (Ripudaman K Bains, 2013; Dandara et al., 2014), and recently, 

SLCO1B1 has been associated with lopinavir plasma concentration (Table 1.2) (Elliot, 

Mahungu and Owen, 2017).  

 

Each of these drugs are associated with some common ADRs, ranging from rash and 

gastrointestinal problems, to hepatitis and central nervous system symptoms (Meintjes 

et al., 2017). These ADRs may be in part due to genetic variation within the genes that 

metabolise the commonly prescribed ARVs. Additionally, most ARV compounds are 

transported by ABCB1 and ABCC2 proteins, and variations within transporter genes 

can influence the safety and efficacy of the drugs they transport (Kis et al., 2016). 

Therefore, due to the large number of individuals receiving ARV treatment in SSA, 

CNVs within these genes are an important consideration (Williamson et al., 2013). 

 

1.5.2 Anti-malarial drugs 

Malaria remains an overwhelming issue in SSA, which carries over 90% of the global 

malaria burden, as well as 94% of all malaria-related deaths (Conrad and Rosenthal, 

2019; World Health Organization, 2019). Large efforts have been made in order to 

prevent infection as well as provide treatment, and, in 2018, 214 million malaria 

treatment courses were delivered, 98% of which were in the WHO Africa region (World 

Health Organization, 2019). Traditional malaria treatments included chloroquine, 

quinine, sulphadoxine-pyrimethamine, amodiaquine and mefloquine which were the 

most frequently prescribed first-line therapies for Plasmodium falciparum (P.f) up until 

2000, and even later until the end of the 2000s in some SSA counties (Flegg et al., 

2013). As resistance to these monotherapies emerged and spread, resulting in 

increased malaria mortality, the WHO changed its guidelines and recommend that 

artemisinin-based combination therapies (ACTs) be used for the treatment of 

uncomplicated P.f. malaria (Ogutu, 2013). The use of a combination of different anti-

malarial drugs, with different modes of action, was thought to hinder the emergence of 

resistance to the drugs (Ogutu, 2013). In SSA, the most common ACTs that are 

prescribed are (1) artemether in combination with lumefantrine (AL), with 30 of the 47 

SSA countries using it as first-line therapy, and 8 as second-line therapy; 
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(2) artesunate in combination with amodiaquine (ASAQ); and (3) artesunate in 

combination with mefloquine (ASMQ) (Ogutu, 2013; Elliot, Mahungu and Owen, 2017; 

Conrad and Rosenthal, 2019).  

 

Artemether and artesunate are primarily metabolised by CYP3A4, CYP3A5 and 

CYP2A6, with minor contributions from CYP2B6, into dihydroartemisinin (Table 1.2) 

(Navaratnam et al., 2000; Ali et al., 2010; Bains, 2013; Dandara et al., 2014; Elliot, 

Mahungu and Owen, 2017). Dihydroartemisinin is in turn metabolised by UGT1A9, 

with a minor role played by UGT2B7 (Table 1.2) (Ilett et al., 2002; Zang et al., 2014). 

Lumefantrine is primarily metabolised by CYP3A4 and CYP3A5, with contributions 

from CYP2B6, CYP1A2, CYP2C9 and CYP2C19 (Table 1.2) (Dandara et al., 2014; 

Abdullahi et al., 2020). Amodiaquine is primarily metabolised by CYP2C8, with 

contributions from CYP2D6 and CYP3A4, while mefloquine is primarily metabolised by 

CYP3A4 and CYP1A2, with contributions from ABCB1, CYP2A6, CYP2B6, CYP2C9 

and CYP2C19 (Table 1.2) (Dandara et al., 2014; Elliot, Mahungu and Owen, 2017).  

 

Although ACT is the recommended treatment for uncomplicated P.f. malaria infection, 

ineffective monotherapies such as quinine and chloroquine continue to be used for 

treatment, predominantly due to the high cost and frequent lack of availability of ACT 

(Wasunna et al., 2008; Achan et al., 2011; Adedeji et al., 2011). Additionally, while 

artesunate monotherapy is recommended for severe P.f. malaria (Li and Weina, 2010), 

quinine is the most common drug used for treatment (Li and Weina, 2010). Both 

quinine and chloroquine are metabolised predominantly by CYP3A4 and CYP3A5 

(Bains, 2013; Elliot, Mahungu and Owen, 2017; Zhou et al., 2019), with CYP2C9 as 

well as CYP1A2, CYP2A6, CYP2B6, CYP2C19 and CYP2D6 also contributing to the 

metabolism of chloroquine (Table 1.2) (Bains, 2013; Dandara et al., 2014).  

 

Antimalarial drugs exhibit a wide range of inter-individual variability and commonly 

cause ADRs (Gebreyohannes et al., 2017; Ndagije et al., 2018), which makes genetic 

variation within the above mentioned genes an important consideration. 

  

1.5.3 Anti-TB drugs 

SSA carries one quarter of the global burden of TB (World Health Organization, 

2020b), and TB is the most common opportunistic infection and cause of death among 
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HIV-infected individuals (Manosuthi, Wiboonchutikul and Sungkanuparph, 2016). The 

currently recommended standard treatment for drug-susceptible TB includes a 

combination of the following four drugs: isoniazid, rifampicin, pyrazinamide and 

ethambutol (Brito et al., 2014; Manosuthi, Wiboonchutikul and Sungkanuparph, 2016).  

NAT2, CYP2E1 as well as GSTM1 and GSTT1, are involved in the metabolism of 

Isoniazid (Table 1.2) (Bains, 2013; Brito et al., 2014; Wang et al., 2016; Elliot, Mahungu 

and Owen, 2017). Rifampicin is metabolized by enzymes of the CYP450 system 

(Arbex et al., 2010), and is also a potent inducer of various ADME genes including, but 

not limited to, CYP3A4, CYP3A5, CYP2B6, CYP2C8 and CYP2C9 (Bibi, 2008; Bains, 

2013; Cho et al., 2016), as well as UGTs and GSTs (Table 1.2). When rifampicin 

induces the enzyme activity of the CYP450 enzymes, it increases its own metabolism 

(Bibi, 2008). Ethambutol is metabolised by ADHs and ALDHs which are Phase I 

metabolisers (Sarkar and Ganguly, 2016). Lastly, pyrazinamide is metabolised into its 

active form by hepatic microsomal deamidase and is thus not relevant to this study 

(Sarkar and Ganguly, 2016; Chirehwa et al., 2017).  

 

The above mentioned drugs display a large amount of inter-individual variability and 

are associated with various ADRs including hepatotoxicity (Brito et al., 2014; Sarkar 

and Ganguly, 2016). Genetic variation within these genes may play a role in the 

variable response and ADRs associated with these drugs (Sarkar and Ganguly, 2016). 

 

1.5.4 Anticoagulants 

Medical conditions that require the use of anticoagulant treatment are important 

causes of morbidity and mortality worldwide (Semakula et al., 2021). Reduced 

childhood mortality as well as an improvement in the control of infectious diseases 

such as HIV have led to an increase in life expectancy in SSA (Semakula et al., 2021). 

This increased life expectancy is associated with various cardiovascular diseases and 

consequently an increased requirement for the use of anticoagulant drugs in the region 

(Semakula et al., 2021). Warfarin is an anticoagulant used for the treatment and 

prophylaxis of various types of blood clots (Semakula et al., 2020). It is administered 

as a combination of (R)-warfarin and (S)-warfarin, with (S)-warfarin being two to five 

times more potent that (R)-warfarin (Al-Eitan, Almasri and Khasawneh, 2018). 

CYP2C9 is considered to be the most important enzyme in warfarin metabolism as it 

is the primary pathway for the elimination of (S)-warfarin. Individuals with reduced 

CYP2C9 enzyme activity are classified at PMs and are at a higher risk of serious side 
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effects, including fatal bleeding (Takahashi and Echizen, 2003). Therefore, PMs often 

require a smaller dose to avoid toxicity, as the drug is metabolised at a slower rate 

(Takahashi and Echizen, 2003). Warfarin is an inexpensive drug and is therefore 

commonly used in public health care systems (Laäs and Naidoo, 2018). As it is most 

commonly prescribed oral anticoagulant in SSA, deletions of or within this gene are 

important to consider (Semakula et al., 2020). 

 

1.5.5 Lipid-lowering drugs 

The use of lipid-lowering drugs, also known as statins, on the African continent is 

expected to increase as the burden of cardiovascular disease increases. This increase 

in cardiovascular diseases is primarily due to a change in lifestyles across the continent 

as well an increased burden of HIV-associated dyslipidaemia linked to ARV treatment 

(Soko, Masimirembwa and Dandara, 2018). The use of statins has been shown to 

decrease the morbidity and mortality associated with cardiovascular diseases by 

reducing the total circulating levels of cholesterol and low-density lipoprotein in the 

blood (Soko, Masimirembwa and Dandara, 2018; Yan et al., 2018). Rosuvastatin and 

fluvastatin are known as CYP2C9-metabolized statins (Scripture and Pieper, 2001; 

Olsson, McTaggart and Raza, 2002; Yan et al., 2018), while atorvastatin is more 

extensively metabolized by CYP3A4 (Korhonova, Doricakova and Dvorak, 2015; Yan 

et al., 2018). Genetic variation within these genes, including CNVs, may have an effect 

on the drugs’ lipid-lowering efficacy.  

 

1.5.6 Anti-cancer drugs 

Cancer is an increasing global public health burden, particularly in SSA where there 

are an estimated 1 million new cases of cancer every year and this is expected to 

double by 2030 (Dent et al., 2017). Breast and cervical cancer in females and prostate, 

liver and colorectal cancer in males are the most common cancer types in SSA 

(Bahnassy, Abdellateif and Zekri, 2020). However, the majority of chemotherapy drugs 

are not available in low- to middle-income countries (LMICs), due to their high costs 

as well as difficulties associated with administering and monitoring them in low-

resource settings (Boyle et al., 2019). In mid-2020, various pharmaceutical companies 

agreed to expand access to 20 chemotherapy drugs in 26 SSA countries through cost 

reductions of ~60% (Clinton Health Access Initiative, 2020). The drugs included in the 

agreement cover the recommended regimes for 27 cancer types and allow for 
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complete therapy of breast, cervical and prostate cancer, the three cancer types that 

cause the most deaths in Africa (The Cancer Atlas, 2018; Clinton Health Access 

Initiative, 2020). Some of the chemotherapy agents included in the agreement include 

cisplatin, docetaxel, fluorouracil, oxaliplatin, paclitaxel and tamoxifen (Cancer, 2021). 

The metabolism of tamoxifen involves multiple enzymes, including CYP2D6, CYP3A4, 

CYP3A5, CYP2C9 and CYP2C19 (Cronin-Fenton, Damkier and Lash, 2014). 

Furthermore SULT1A1 and UGT enzymes, UGT1A8, UGT1A10 and UGT2B7, are 

responsible for the conversion of tamoxifen metabolites into excretable forms (Cronin-

Fenton, Damkier and Lash, 2014). Paclitaxel is prominently metabolised by CYP2C8 

and CYP3A4 enzymes (Spratlin and Sawyer, 2007), while docetaxel is metabolised by 

CYP3A4 and CYP3A5 enzymes (Kenmotsu and Tanigawara, 2015). The metabolism 

of platinum-based drugs, cisplatin and oxaliplatin, is not primarily mediated by 

enzymes (Lentz et al., 2005; Allocati et al., 2018); however, GST enzymes, GSTM1 

and GSTT1, can catalyse one of the reactions (Allocati et al., 2018). Lastly, the 

metabolism of fluorouracil is metabolised by DPD, which is expressed by the DPYD 

gene (Lentz et al., 2005). 

                     

1.6 Pharmacogenomics in SSA 

Due to the high prevalence of disease, the public health systems in SSA countries are 

under enormous pressure to provide treatment options that are as efficient and cost 

effective as possible (Warnich et al., 2011). However, available treatments are often 

associated with toxicity and ADRs, which are responsible for a large proportion of 

hospitalisations, with up to 6.3% of hospital admissions in SSA being a direct 

consequences of an ADR and up to 49.5% of hospitalized patients in SSA developing 

an ADR during their stay (Wester et al., 2008; Appiah, 2012; Sim, Kacevska and 

Ingelman-Sundberg, 2013). Not only do ADRs place a significant burden on the public 

health system, but they also play a role in patient non-compliance, which further 

exacerbates the high burden of disease in the region (Warnich et al., 2011).  

 

It is well known that African populations display a large amount of diversity owing to 

the age of the population, and vast genetic differences are observed both between 

different African populations as well as between African populations and those outside 

of Africa (Alessandrini and Pepper, 2014). Therefore, drugs that have been developed 

based on European populations may not be effective or may have toxic effects in 
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African populations. The fact that the majority of drugs are developed based on 

European populations and are administered to African patients without further testing 

regarding efficacy and toxicity (Matimba, Dhoro and Dandara, 2016) may provide an 

explanation for the high ADR rates observed in African populations.  

 

The investigation of genetic variation within pharmacogenes in African populations 

could provide more information regarding drug efficacy, safety as well as relevant 

dosages for African patients. For example, the recent study performed by Santos and 

colleagues found that in African individuals, deletions and duplications in CYP2B6 

were the most frequent (Santos et al., 2018). CYP2B6 is known to be involved in the 

ADME of many drugs, including antiretroviral drugs efivarenz and nevaripine, 

artemether, used for the treatment of malaria, as well as rifampicin, which is used for 

the treatment of TB (Bains, 2013). Therefore, African-specific polymorphisms within 

CYP2B6 that may alter its ability to metabolise these drugs are extremely important to 

consider due to the high burden of these diseases in the region (Zanger and Klein, 

2013). This is highlighted by the recommendation that HIV patients in SSA require a 

reduced dose of efavirenz due to genetic variation within the CYP2B6 gene (Mukonzo 

et al., 2014; Dhoro et al., 2015). 

 

Furthermore, pharmacogenetic markers identified in European populations may not be 

suitable in an African setting. For example, the AmpliChip CYP450 was the first 

molecular diagnostic test to be approved by the US Food and Drug Administration 

(FDA) with the aim of practicing pharmacogenetic testing in a clinical setting (He, 

Hoskins and McLeod, 2011). The test is used for the analysis of SNPs and CNVs found 

in the CYP2D6 and CYP2C19 genes that have been shown to be involved in the ADME 

of drugs used in the treatment of depression, gastroesophageal reflux and 

cardiovascular diseases (He, Hoskins and McLeod, 2011). However, it must be noted 

that the AmpliChip CYP450 has not been validated in any African population living in 

Africa (Dodgen et al., 2013). When the AmpliChip CYP450 was assessed in a group 

of South African individuals, the success rate was low and a large number of unknown 

predicted phenotype calls were observed, indicating the limited utility of this test in an 

African setting (Dodgen et al., 2013). This highlights the importance of identifying 

pharmacogenetic markers specific to African populations to ensure the success of 

clinical pharmacogenetics in an African setting. 
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A study carried out by Mitchell and colleagues assessed genetic variants within the 

CYP2C9 and VKORC1 genes, which are known to play a role in the variable response 

to Warfarin (Mitchell, Gregersen and Krause, 2011). Thirty four variants had previously 

been identified within the CYP2C9 gene based on “Caucasian” (i.e. European, 

American or similar), African-American and “Asian” (i.e. Central Asian, East Asian, 

South Asian, Southeast Asian or Western Asian) populations (Mitchell, Gregersen and 

Krause, 2011). Results from this study showed  that only seven of these 34 variants 

were observed in black South African individuals and an additional 26 novel CYP2C9 

SNPs were observed (Mitchell, Gregersen and Krause, 2011). This further illustrates 

the limited utility of pharmacogenetic markers identified in non-African populations 

being used in an African setting. 

 

There is a dire need to address the growing burden of disease in Africa, both in terms 

of infectious disease such as HIV and TB, as well as non-communicable diseases such 

as cardiovascular disease, diabetes and cancer. In order to address these issues, we 

require an improved understanding of various aspects including the molecular 

mechanisms of disease susceptibility and response to drugs. The vast genetic diversity 

present in African populations provides a clear benefit in that it could allow for the 

improved understanding of individual variability in disease and drug response 

(Matimba, Dhoro and Dandara, 2016). With the majority of pharmacogenomic studies 

being performed on “Caucasian” (i.e. European, American or similar) patients, only a 

small percentage of overall human genetic diversity is being assessed (Matimba, 

Dhoro and Dandara, 2016). Therefore, pharmacogenomic studies based in Africa 

would analyse populations with the greatest genetic diversity, thereby increasing the 

likelihood of identifying relevant, as well as novel, pharmacogenomic variation 

(Matimba, Dhoro and Dandara, 2016). 
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1.7 Rationale 

Widespread pharmacogenetic profiling of African populations will aid in significantly 

improving patient care on the continent (Alessandrini and Pepper, 2014). Populations 

in SSA would benefit greatly from the optimisation of drug therapies through the use 

of pharmacogenetics, which would increase the efficacy of treatment as well as reduce 

ADRs, thereby decreasing the overall cost of treatment and disease burden in the 

region (Warnich et al., 2011). While pharmacogenetically relevant SNVs in ADME 

genes have been well characterised, CNV is an important, yet understudied source of 

variation, that needs to be further investigated in order to obtain a more complete set 

of pharmacogenetically relevant variants in the African context. 

 

1.8 Study Aim and Objectives 

1.8.1 Aim 

Due to a paucity of studies focused on CNV in ADME genes in SSA populations where 

the burden of disease and adverse drug reactions are high, the aim of this study is to 

perform a systematic assessment of the CNV landscape in ADME genes in SSA 

populations. 

 

1.8.2 Objectives 

1. To call CNVs from short-read whole genome sequence data using a variety of CNV 

calling tools including GenomeSTRiP, Manta, Delly, Lumpy and GATK. 

2. To validate CNVs called from short-read sequence data using PacBio long-read 

sequencing.  

3. To assess whether short-read sequencing is adequate for accurate CNV calls. 

4. To determine which CNVs can be called from the Infinium H3Africa Consortium 

Array v2, thus allowing for the assessment of the utility of the array to call CNV’s. 

5. To select a list of ADME CNVs that are the most relevant in an African setting 

 

 

1.9 Materials and Methods 

The materials and methods used will be discussed in each of the results chapters.  
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1.10 Thesis outline 

The format of this thesis is the ‘Divided Block’ format, whereby Chapter 2 focusses on 

a short-read sequencing approach for CNV calling, Chapter 3 focusses on a long-read 

sequencing approach for CNV calling and Chapter 4 focusses on an array-based 

approach for CNV calling. Each chapter contains its own ‘Introduction’, ‘Methods and 

Materials’, ‘Results’ and ‘Discussion’ sections. Although the chapters are distinct, some 

of the results are compared across chapters. Chapter 5 is the final conclusion chapter 

which integrates the data from the individual results chapters and discusses the overall 

conclusions that emerge from this thesis, as well as future work that can be done. All 

of the custom scripts used in this study as well as supplementary files can be found in 

the following GitHub repository: https://github.com/lauracottino/PhD_Thesis.  

  

https://github.com/lauracottino/PhD_Thesis
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2. CHAPTER 2: AN ASSESSMENT OF THE CNV LANDSCAPE IN ADME GENES 

USING SHORT-READ SEQUENCING APPROACHES. 

 

2.1 Introduction 

Copy number variation (CNV) is a type of structural variation (SV) that involves a 

change in the copy number (CN) (deletions of duplications) of a fragment of DNA that 

is greater than 50 bp in size. This type of genetic variation can have various functional 

effects ranging from gene amplification or deletion and changes in gene expression to 

altered splicing and the production of aberrant proteins. While other types of genetic 

variation such as single nucleotide variants (SNVs) have been extensively studied, 

CNV has remained widely understudied, to the extent that this type of variation is often 

omitted in sequence analysis studies (Eggertsson et al., 2019), predominantly due to 

the difficulties associated with accurately detecting it. 

 

Various techniques for the detection of CNVs have been used over the years, starting 

with karyotyping and fluorescence in situ hybridization (FISH), followed by array-based 

approaches (aCGH and SNP arrays) and more recently whole exome sequencing 

(WES) and whole genome sequencing (WGS) (Carter, 2007; Buysse et al., 2009). 

Each new technology has provided both higher throughput and higher resolution, from 

karyotyping which only allows for the detection of large-scale changes such as 

trisomies at the single-sample level, to whole genome sequencing which can be 

performed on thousands of samples and has much finer resolution, down to the base-

pair level (Coutelier et al., 2021). 

 

However, even with these improvements in technology, calling CNVs from short-read 

sequencing data remains challenging (Gabrielaite et al., 2021). There are four 

approaches that can be used for calling CNVs from short-read WGS data namely, 

Read Pair (RP), Read Depth (RD), Split Read (SR) and Assembly (AS) methods, and  

many of the newer tools have been designed to combine several approaches (Zhao et 

al., 2013; Pirooznia, Goes and Zandi, 2015). However, each approach has its own 

limitations and advantages in terms of call size ranges, breakpoint accuracy and false 

discovery rate, and the results obtained from different callers often differ considerably 

from one another, leading to a significant lack of reproducibility (Coutelier et al., 2021). 
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Encouragingly, it has been shown that combining several different tools can improve 

the results obtained (Coutelier et al., 2021). 

 

An individual’s genetic makeup plays a large role in how they respond to drugs, so a 

given drug may be effective in one group of patients but may be ineffective or result in 

serious adverse drug reactions (ADRs) in another (Ahmed et al., 2016). 

Pharmacogenomics is the study of how genetic variation alters an individual’s 

response to drugs, with the aim of using it as a rational means to optimise drug therapy 

(Saini, Saini and Sugandha, 2010; Crews et al., 2012). In particular, genetic variation 

within absorption, distribution, metabolism and excretion (ADME) genes explains to a 

large extent failure to respond or adverse reactions when a standard dose of a drug is 

administered (Johansson and Ingelman-Sundberg, 2009).  

 

While SNVs within ADME genes have been well-characterised, less work has been 

carried out to gain an understanding of the CNV landscape within these genes. This is 

particularly evident in African populations, which remain understudied in general. 

Therefore, the aim of this work is to assess the CNV landscape in ADME genes in Sub-

Saharan African (SSA) populations using several different CNV calling algorithms, 

namely Genome STRiP (Handsaker et al., 2015), Manta (Chen et al., 2016), Lumpy 

(Layer et al., 2014), Delly (Rausch et al., 2012) and GATK (Poplin et al., 2018). 
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2.2 Materials and Methods 

2.2.1 Study participants 

A total of 953 short-read, high-coverage (30x – 50x), WGSs from individuals from 

across SSA were analysed in this study. These individuals originated from west, 

central, east and southern Africa (Figure 2.1), and the sequences were obtained from 

a number of different research studies. The majority of samples originated from west 

Africa (n = 564), followed by southern Africa (n = 211), east Africa (n = 148) and central 

Africa (n = 30) (Figure 2.1). A summary of the source, country, self-identified 

ethnolinguistic group, coverage and number of sequences can be seen in Table 2.1 

below. For all sequences, reads were previously aligned to the build 38 reference 

genome to generate BAM files using BWA-MEM. These BAM files were used as input 

for the CNV calling tools that will be discussed below. 

 

Table 2.1: Source, country and self-identified ethnolinguistic group of sequences 

(n = 953) utilized in this study, as well as coverage and number of sequences. 

Source of 

sequences 
Country Ethnolinguistic group Coverage 

Number of 

sequences 

H3Africa 

Consortium 

Benin Fon 

30x 

50 

Burkina Faso Mossi 34 

Botswana Various 48 

Cameroon Bamileke, Ngumba & Mundani 26 

Ghana Kassena 26 

Nigeria Barom 48 

Zambia Soli/Chikunda, Tumbuka & Bemba 41 

SAHGP South Africa Sotho & Xhosa 50x 15 

WITS CBRL South Africa SE Bantu speaking 30x 40 

AWI-Gen South Africa SE Bantu speaking 40x 100 

SGDP Various Various 40x 25 

1KGP 

Kenya Luhya 

30x 

99 

Nigeria 
Esan 99 

Yoruba 107 

Sierra Leone Mende 85 

The Gambia Mandinka 110 

TOTAL 953 
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Figure 2.1:  (A) Number of samples across west, central, east and southern Africa; (B) Number of samples per country.
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2.2.2 Selection of ADME genes  

The 299 ADME genes from PharmaADME were included in this study 

(PharmaADME.org, 2021). This consisted of 32 core ADME genes (Table A1) and 267 

extended ADME genes (Table A2). These genes have been further separated into four 

categories (Figure 2.2): (1) Phase I metabolising enzymes which convert the parent 

drug into more active metabolites; (2) Phase II metabolising enzymes which convert 

the parent drug into more inactive metabolites; (3) transporters which are involved in 

the transport of the drug into and out of the cells and (4) modifiers which are able to 

alter either the gene expression of other ADME genes or the biochemistry of ADME 

enzymes (PharmaADME.org, 2021). A table containing the core and extended ADME 

genes as well as which category they belong to can be seen in Appendix A (Table A1; 

Table A2). The genomic locations of the selected ADME genes were obtained using 

Ensembl’s built in BioMart tool (v104) (Howe et al., 2021). 

 

 

 

Figure 2.2: Breakdown of the number of Phase I metabolising enzymes, Phase II 

metabolising enzymes, transporters and modifiers that make up the core and extended 

ADME gene lists. 

 

2.2.3 CNV calling, processing and quality control 

Many tools have been developed to call CNVs from short-read WGS data. While some 

of these tools are able to call various types of SV, only deletions and duplications were 

considered as this is the definition of a CNV. As each tool has its own limitations and 

advantages, the use of a variety of CNV calling algorithms can generate a more 

comprehensive dataset. In this study CNV calling was performed using several tools 
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including Genome STRiP, Manta, Delly, Lumpy and GATK (Figure 2.3). These tools 

were chosen as they make use of different combinations of approaches for calling 

CNVs (Figure 2.3). Manta, Delly and Lumpy were included as they have been shown 

to have high levels of precision and recall (Kosugi et al., 2019), while Genome STRiP 

was included as it calls CNVs across multiple samples, which is a different approach 

compared to all of the other tools.  

 

Figure 2.3: CNV calling workflow including the approaches used by each tool to call 

CNVs. 953 BAM files were run individually through Manta, Delly, Lumpy and GATK 

and 919 BAM files were run jointly though Genome STRiP. 

 

 Genome STRiP 

Genome STRiP is a suite of tools for discovering and genotyping CNVs from WGS 

data using a RP and RD approach. Unlike the majority of other tools used for calling 

CNVs, Genome STRiP is designed to detect shared variation using sequencing data 

from multiple individuals. A minimum of 20 to 30 genomes are required for acceptable 

results; however, the method gains power across genomes and processing more 

genomes improves the accuracy and provides better results. Genome STRiP consists 

of two main pipelines, namely SVPreprocess and CNVDiscovery. The SVPreprocess 

pipeline computes summary metadata for the input dataset and is a pre-requisite for 

all downstream pipelines. The CNVDiscovery pipeline is used for the discovery and 

genotyping of CNVs. This pipeline is a large and complex pipeline consisting of 12 

stages (Figure 2.4) and processing within several of the stages is further parallelized 
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by chromosome. Genome STRiP also has an SVGenotyper pipeline to genotype 

variants as well as an SVAnnotator pipeline which annotations VCF files containing SV 

records. A limitation of Genome STRiP is that it is unable to call small CNVs less than 

1 000 bp in size. 

 

 

Figure 2.4: Description of the 12 stages of Genome STRiP’s CNVDiscovery pipeline. 

Stage 1
•Creates VCF files with records that correspond to the initial seed windows.

Stage 2
•Runs initial genotyping on the seed windows from stage 1.

Stage 3

•Promotes seed windows with evidence of potential polymorphism.

•Adjacent or overlapping windows that are compatible (all input samples appear to have the same copy
number) are merged to increase power.

Stage 4

•Seed windows and merged windows from stage 3 are genotyped.

•Sites that appear to be duplicates are removed and sites with evidence of polymorphism are promoted
to stage 5.

Stage 5

•Evaluates the number of variants called in each input sample to detect samples with excessive call
rates.

•Samples with too many calls are eliminated from the subsequent phases of the pipeline (but are re-
introduced during final genotyping in stage 10).

Stage 6

•Re-genotypes the current set of candidate windows using the filtered list of discovery samples from
stage 5.

•Only sites with evidence of polymorphism in the filtered discovery samples are promoted to stage 7.

Stage 7

•Considers each candidate site independently and runs a hill-climbing algorithm to attempt to
determine the optimal boundaries for each CNV segment.

• This method is sometimes referred to as BRIG (boundary refinement by iterative genotyping).

Stage 8

•Re-genotypes the final site boundaries determined from stage 7 in the discovery samples.

•Any duplicate sites (after boundary refinement) are removed.

•Sites with evidence of polymorphism are promoted to stage 9.

Stage 9

• Looks for adjacent or nearby sites that may represent redundant calls of the same CNV.

•All sites within 1Mb are tested for compatibility and prospective merged sites are created.

Stage 10

•Re-genotypes the candidate sites from stage 9 to pick up any merged sites.

• This stage uses all of the input samples (not just the discovery samples selected in stage 5).

•Any duplicate sites are removed and sites with evidence of polymorphism are promoted to stage 11.

Stage 11

•This stage applies a default set of site filtering criteria.

• Sites passing these filters are promoted to stage 12.

Stage 12

•The set of selected sites from stage 11 are merged into one genome-wide VCF and genotyped and
default QC annotations are generated.
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Running Genome STRiP 

Genome STRiP (svtoolkit_2.00.1918) (Handsaker et al., 2015) uses the Queue 

workflow manager to implement the analysis pathways. While Queue manages 

processing steps and dependencies, it does not directly execute the processing steps 

itself. Instead, the processes are scheduled to run on a compute cluster through a 

workflow manager. Queue has built-in support for Load Sharing Facility (LSF) or Sun 

Grid Engine (SGE) workflow managers; however, the compute cluster available for this 

project uses the Slurm workflow manager. Therefore, a Distributed Resource 

Management Application API (DRMAA), which acts as an interface between Queue 

and Slurm, was required. 

 

A total of 34 samples were excluded from this analysis for various reasons. Three 

samples from South Africa were excluded as the sex of the individual was not available 

and is required as an input by Genome STRiP. Additionally, 31 samples (19 

Cameroon; 11 Botswana; 1 Congo) were defined as substantial outliers and excluded 

from this analysis as the number of variants per sample was high (> 12 000). These 

samples may contain a disproportionate number of CNVs as a result of poor sample 

quality. Therefore, a total of 919 samples were run though the Genome STRiP pipeline.  

 

To minimize batch effects caused by running samples processed with and without PCR 

together, the dataset was split into three batches, and run through the SVPreprocess 

and CNVDiscovery pipelines separately (PCR free samples, PCR based samples and 

AWI-Gen samples). The AWI-Gen data was run in a separate batch as the sequencing 

approach was unclear; however, it was later confirmed that the AWI-Gen samples were 

PCR-free. As Genome STRiP could not be successfully run on the X and Y 

chromosomes, CNV calling was only carried out on the autosomes. SVPreprocess 

(https://software.broadinstitute.org/software/genomestrip/org_broadinstitute_sv_qscri

pt_SVPreprocess.html) was run on all of the autosomes at once using default 

parameters, with a memory limit of 50 GB and a maximum of 75 jobs running in parallel. 

Due to the large memory requirement of the CNVDiscovery pipeline (https://software.

broadinstitute.org/software/genomestrip/org_broadinstitute_sv_qscript_CNVDiscover

yPipeline.html), it was run on each autosome separately using default parameters, with 

a memory limit of 100 GB and a maximum of 60 jobs running in parallel. Following 

CNVDiscovery, the VCF files for each chromosome were merged into a single VCF 

https://software.broadinstitute.org/software/genomestrip/org_broadinstitute_sv_qscript_SVPreprocess.html
https://software.broadinstitute.org/software/genomestrip/org_broadinstitute_sv_qscript_SVPreprocess.html
https://software.broadinstitute.org/software/genomestrip/org_broadinstitute_sv_qscript_CNVDiscoveryPipeline.html
https://software.broadinstitute.org/software/genomestrip/org_broadinstitute_sv_qscript_CNVDiscoveryPipeline.html
https://software.broadinstitute.org/software/genomestrip/org_broadinstitute_sv_qscript_CNVDiscoveryPipeline.html
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using GATK’s CatVariants (v4.1.8.1) in a custom bash script which can be seen in the 

GitHub repository (https://github.com/lauracottino/PhD_Thesis/blob/main/Chapter%2

02%20scripts/mergeVCFs.sh). 

 

As sites were discovered in three different batches, we needed to obtain genotypes for 

the sites in one batch in the other two batches as well. In other words, AWI-Gen sites 

needed to be genotyped in PCR-free and PCR-based datasets and vice versa. In order 

to do this we first removed the genotype data from the three VCFs using regular 

expressions so we were only left with the site information. This resulted in six VCF 

files, in addition to the three original VCFs. We then ran the SVGenotyper pipeline 

(https://software.broadinstitute.org/software/genomestrip/org_broadinstitute_sv_qscri

pt_SVGenotyper.html) which genotypes variants discovered using GenomeSTRiP. 

Variants were run through the pipeline in batches of 100 and a memory limit of 100 GB 

was set. The SVGenotyper pipeline produced a stutter where the last few variants of 

each batch were duplicated in the next batch. A custom python script which can be 

seen in the GitHub repository (https://github.com/lauracottino/PhD_Thesis/blob/main/

Chapter%202%20scripts/remove_stutter.py) was used to remove these duplicated 

variants. Lastly, the SVAnnotator pipeline (https://software.broadinstitute.org/software

/genomestrip/org_broadinstitute_sv_main_SVAnnotator.html) was run on the nine 

VCFs. These nine files were combined into a single merged data frame and 

reannotated.  

 

Quality control of Genome STRiP data 

Quality control of the Genome STRiP data was performed using a pipeline developed 

by Jakubosky and colleagues (Jakubosky et al., 2020). Variants were filtered based 

on GSCNQUAL scores, which are per site quality scores generated by Genome 

STRiP. Different thresholds were used for different variant types, with 2, 12, and 14 

set as the minimum GSCNQUAL score required for deletions, multiallelic CNVs 

(mCNVs) and duplications respectively (Jakubosky et al., 2020). These thresholds 

were determined by Jakubosky and colleagues to produce a high quality, reproducible 

dataset (Jakubosky et al., 2020). The deletion threshold is lower than the thresholds 

for mCNVs and duplications as deletions were found to be more reproducible under 

less stringent filtering (Jakubosky et al., 2020). Prior to filtering, 61 638 CNVs were 

identified. This was reduced to 38 973 following filtering based on GSCNQUAL values.  

https://github.com/lauracottino/PhD_Thesis/blob/main/Chapter%202%20scripts/mergeVCFs.sh
https://github.com/lauracottino/PhD_Thesis/blob/main/Chapter%202%20scripts/mergeVCFs.sh
https://software.broadinstitute.org/software/genomestrip/org_broadinstitute_sv_qscript_SVGenotyper.html
https://software.broadinstitute.org/software/genomestrip/org_broadinstitute_sv_qscript_SVGenotyper.html
https://github.com/lauracottino/PhD_Thesis/blob/main/Chapter%202%20scripts/remove_stutter.py
https://github.com/lauracottino/PhD_Thesis/blob/main/Chapter%202%20scripts/remove_stutter.py
https://software.broadinstitute.org/software/genomestrip/org_broadinstitute_sv_main_SVAnnotator.html
https://software.broadinstitute.org/software/genomestrip/org_broadinstitute_sv_main_SVAnnotator.html
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As CNVs were called in three different batches, some variants were redundant across 

batches (i.e. the same variant was discovered in different datasets) and a variant 

deduplication procedure was required. The variants discovered in the three batches 

were intersected using BEDTools, and sites with at least 80% reciprocal overlap were 

selected. These sites were further categorised into two groups, namely, identical 

duplicates and non-identical duplicates. Identical duplicates were defined as sites that 

exactly overlapped (100% overlap), i.e. had the same breakpoints. In these cases, the 

variant with the highest GSCNQUAL across all batches was selected, and the 

redundant variant/s were removed from further analysis. Non-identical duplicates were 

defined as near exact duplicate calls (80–99% reciprocal overlap) that had slightly 

different breakpoints. Pairs of variants were marked redundant if they (a) had less than 

5% of non-mode CN samples discordant, (b) had a Pearson correlation > 0.95 and (c) 

had a mean difference in CN among non-mode samples and all samples of 0.2. 

Variants that were identified as redundant were then represented in a graph, with 

edges between redundant variants weighted based on the average percentage overlap 

(i.e. the average of the percentage overlap of site 1 with site 2 and the percentage 

overlap of site 2 with site 1). Iterating through groups of connected components, we 

chose the pair of sites that had the highest average overlap, and from each pair, the 

variant with the highest GSCNQUAL was selected and the remaining were pruned. 

During this deduplication process, 4 406 identical sites were reduced to 1 998 sites 

and 16 157 non-identical sites were reduced to 6 818 sites.  

 

Genome STRiP tends to report a single CNV as several smaller adjacent or 

overlapping CNVs (Jakubosky et al., 2020). The abovementioned deduplication 

process was performed in order to remove near exact duplicate calls made in different 

batches that differed in breakpoint slightly, but weren’t likely to be fragmented calls. To 

address the fragmentation issue, we stitched adjacent variants whose genotypes 

correlated because they likely represent a single variant that GenomeSTRiP called as 

multiple adjacent variants. To do this, we iterated through every adjacent pair of 

variants on each chromosome and computed the correlation between variants. If the 

correlation co-efficient was > 0.9 and the variants were less than 30kb apart, the pair 

of variants were considered valid to be stitched. We then iterated through successive 

pairs, stitching multiple CNVs together if multiple adjacent pairs passed the criteria for 

stitching. However, if multiple correlated CNVs in a row are broken up by an 

uncorrelated pair, the stitching will be broken up. There is therefore a possibility that 
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rare CNVs may break up the clusters. This process resulting in 11 021 CNVs being 

combined into 3 539 CNVs.  

 

The newly stitched variants needed to be re-genotyped in the three batches of data 

separately using the SVGenotyper pipeline, followed by annotation with the 

SVAnnotator pipeline. We then compared the genotypes of the stitched sites with 

average of the original genotypes of the constituent sites, and those that did not have 

a high correlation (average r < 0.9 across all constituents) were unstitched. A final VCF 

file was generated using the following python script which can be seen in the GitHub 

repository: https://github.com/lauracottino/PhD_Thesis/blob/main/Chapter%202%20s

cripts/StitchSiteFiltering.py. Following the above quality control process, a total of 

16 539 CNVs remained.  

 

Quality control issues involving alternate contig regions in the BAM files were identified 

towards the end of the project. However, as the computational cost of re-generating 

these BAM files and re-calling CNVs is several hundred thousand CPU hours and 

takes over four months, all CNVs that were identified within alternate contig regions 

were excluded from the final dataset. Following this, a total of 15 658 CNVs remained. 

CNVs falling within ADME gene regions were extracted using BCFtools (v1.10.2), and 

a total of 78 ADME CNVs were identified. The regeneration of the BAM files and 

recalling of CNVs to take into account CNVs within alternate contig regions is 

discussed in Chapter 5. 

 

 Structural Variation Engine (SVE) 

Structural Variation Engine (SVE) is a python-based execution engine for the detection 

of SVs. It is available as a docker image which simplifies execution, as all of the SV 

callers and other dependencies do not need to be downloaded onto the compute 

cluster individually. SVE contains ten SV calling tools namely, Breakdancer, cn.MOPS, 

CNVnator, Delly, GATK, Genome STRiP, Hydra, Lumpy, Breakseq2 and Tiagra-SV 

(Figure 2.5). Each SV caller produces a VCF file which can be used an input to 

FusorSV, which merges the SV call sets into a single VCF file using a machine learning 

approach (Figure 2.5). 

 

https://github.com/lauracottino/PhD_Thesis/blob/main/Chapter%202%20scripts/StitchSiteFiltering.py
https://github.com/lauracottino/PhD_Thesis/blob/main/Chapter%202%20scripts/StitchSiteFiltering.py
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Figure 2.5: SVE workflow (https://github.com/timothyjamesbecker/SVE). 

 

Experimentation of SVE was performed and it was determined that it did not support 

build 38 aligned data. Subsequently, some of the tools included in SVE were run 

individually (Delly, Lumpy, GATK) and we performed our own merging. 

 

 Manta 

Manta is an SV discovery tool designed to call SVs from next generation sequencing 

(NGS) data (Chen et al., 2016). It calls SVs using a RP, SR and AS approach, and has 

been specifically designed for rapid analysis and large-scale SV calling from WGS data 

(Chen et al., 2016). Manta can accurately call CNVs between 50 bp–10 Mb in size. 

 

Manta divides the SV discovery process into two steps. Firstly, the genome is scanned 

to find evidence of possible SVs. This evidence is added onto a graph with edges 

connecting all of the regions of the genome which have possible breakend associations 

(Chen et al., 2016). Edges may connect two different regions of the genome to 

represent long-range association, or an edge may connect to itself to capture a small, 

local SV association (Chen et al., 2016). Secondly, the graph edges are analysed in 

order to discover and score SVs. The sub-steps of this process include: (1) inferring 

SV candidates associated with each edge; (2) assembling breakends of the SVs to 

base pair resolution;  (3) scoring, genotyping and filtration of the SVs and (4) outputting 

the results to a VCF file (Chen et al., 2016). 
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As Manta outputs a single VCF file per sample, svimmer (DecodeGenetics, 2019), a 

tool written for merging SVs discovered using Manta, was used to merge similar SVs 

from the multiple single sample VCF files. The output from svimmer is a single VCF 

file that contains all merged SVs. This output can be passed to GraphTyper for 

genotyping of the merged sites. GraphTyper is a graph-based variant caller that was 

designed for the genotyping of population-scale short-read datasets using pangenome 

graphs. It is capable of genotyping various types of genetic variation including SVs 

(Eggertsson et al., 2019). 

 

Running Manta, svimmer and GraphTyper 

Manta, svimmer and GraphTyper were run consecutively using a Nexflow script which, 

along with the configuration file, can be seen in the GitHub repository 

(https://github.com/lauracottino/PhD_Thesis/blob/main/Chapter%202%20scripts/Man

ta.nf and https://github.com/lauracottino/PhD_Thesis/blob/main/Chapter%202%20scr

ipts/Manta.config). Manta (v1.6.0; https://github.com/Illumina/manta) (Chen et al., 

2016) was run using default parameters in single sample mode. A maximum of 60 

samples were run in parallel, with a memory limit of 5 GB. Merging of variants across 

all samples was performed using svimmer (v0.1; https://github.com/DecodeGenetics/

svimmer) which was run using default parameters and the --threads option set to eight. 

GraphTyper (v2.6.1; https://github.com/DecodeGenetics/graphtyper) (Eggertsson et 

al., 2019) was run with default parameters to genotype the merged sites. Each 

chromosome was run separately due to the large memory requirements (memory limit 

of 300 GB). The resulting VCF files for each chromosome were merged using 

VCFtools’ vcf-concat function (v0.1.16).  

 

Quality control of Manta data 

Variants were filtered for quality using the filter tag ‘PASS’ as well as the normalised 

quality score (QD). Variants that did not pass (the default is a QD score of less than 9) 

were excluded from further analysis. Deletions were further filtered using a stricter cut-

off (QD score of less than 12) as was done by Eggertsson and colleagues in order to 

produce a high-confidence dataset (Eggertsson et al., 2019). Variants were further 

filtered based on size, with variants that were greater than 10 Mb being excluded, as 

Manta is unable to call variants larger than this with acceptable accuracy. Furthermore, 

Manta calls all types of SVs, and as we were only interested in deletions and 

https://github.com/lauracottino/PhD_Thesis/blob/main/Chapter%202%20scripts/Manta.nf
https://github.com/lauracottino/PhD_Thesis/blob/main/Chapter%202%20scripts/Manta.nf
https://github.com/lauracottino/PhD_Thesis/blob/main/Chapter%202%20scripts/Manta.config
https://github.com/lauracottino/PhD_Thesis/blob/main/Chapter%202%20scripts/Manta.config
https://github.com/Illumina/manta
https://github.com/DecodeGenetics/svimmer
https://github.com/DecodeGenetics/svimmer
https://github.com/DecodeGenetics/graphtyper
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duplications, all insertions, inversions, and translocations were filtered out. 

GraphTyper makes use of two different models for genotyping, namely ‘break point’ 

and ‘coverage’. It also has an ‘aggregated’ model that combines both previously 

mentioned models. Only variants that had been genotyped using the ‘aggregated’ 

model were retained for further analysis. A Hardy Weinberg Equilibrium analysis was 

performed on the remaining variants and excessive heterozygosity was calculated. 

Variants that had an excessive heterozygosity of p<1 x10-15 were excluded. Genotypes 

were set to missing (./.) if their genotype quality (GQ) score was less than 20, and if 

they had a ‘FAIL1’ tag for deletions and duplications or a ‘FAIL2’ or ‘FAIL3’ tag for 

duplications. After the low-quality genotypes were set to missing, allele frequency was 

recalculated using VCFtools (v0.1.16) and variants with an allele frequency of zero (AF 

= 0) were excluded. Lastly, as discussed in the GenomeSTRiP section, all variants 

overlapping alternate contig regions were removed. All of the above filtering was 

performed using BCFtools (v1.10.2) and VCFtools (v0.1.16) as well as some custom 

python scripts which can be seen in the 

GitHub repository (https://github.com/lauracottino/PhD_Thesis/blob/main/Chapter%2

02%20scripts/AF0.py and https://github.com/lauracottino/PhD_Thesis/blob/main/Cha

pter%202%20scripts/ExHet_filtering.py). After the above quality control, the final 

Manta dataset consisted of 53 986 CNVs. Variants within ADME gene regions were 

extracted using BCFtools (v1.10.2), and a total of 288 ADME CNVs remained. 

 

 Delly, Lumpy & GATK 

Delly is an SV calling tool that uses RP and SR approaches for the discovery and 

genotyping of various types of SV including deletions and duplications (Rausch et al., 

2012). Lumpy is a probabilistic framework for the detection of SVs  (Layer et al., 2014) 

that integrates RP, SR and RD approaches (Pirooznia, Goes and Zandi, 2015). A 

recent study performed by Zhang and colleagues that compared ten different 

algorithms showed that Lumpy had the best performance in terms of both sensitivity 

and specificity (Zhang et al., 2019). Lastly, GATK HaplotypeCaller has traditionally 

been used to call small variants such as SNPs and indels but has recently been 

extended to CNV calling. This tool makes use of the RD approach for CNV calling.  All 

three of the above tools are able to detect CNVs within the 50 bp–10 Mb size range. 

 

 

 

https://github.com/lauracottino/PhD_Thesis/blob/main/Chapter%202%20scripts/AF0.py
https://github.com/lauracottino/PhD_Thesis/blob/main/Chapter%202%20scripts/AF0.py
https://github.com/lauracottino/PhD_Thesis/blob/main/Chapter%202%20scripts/ExHet_filtering.py
https://github.com/lauracottino/PhD_Thesis/blob/main/Chapter%202%20scripts/ExHet_filtering.py
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Running Delly, Lumpy and GATK 

Delly (v0.8.7; https://github.com/dellytools/delly) (Rausch et al., 2012), Lumpy (v0.3.1; 

https://github.com/arq5x/lumpy-sv) (Layer et al., 2014) and GATK HaplotypeCaller 

(v4.1.2.0) (Poplin et al., 2018) were run using default parameters in a single Nextflow 

script which can be seen in the GitHub repository (https://github.com/lauracottino/Ph

D_Thesis/blob/main/Chapter%202%20scripts/Delly_Lumpy_GATK.nf). Due to the 

large memory requirements, each chromosome was run separately. The individual 

chromosome VCFs produced by both Lumpy and Delly were combined using 

BCFtools’ concat function (v1.10.2) to produce a single VCF per sample, while the 

individual chromosome VCFs produced by GATK were merged using GATK’s 

MergeVCF function (v4.1.8.1). All 953 samples were run through these tools, with the 

exception of ten samples which we excluded from the Lumpy dataset as they failed 

several attempted analyses using > 500 GB of RAM per chromosome. 

 

Merging results from Delly, Lumpy and GATK 

Each of the above mentioned tools produces a single VCF per sample. In order to be 

able to compare across samples, the CNVs needed to be merged. SURVIVOR’s 

merge function (v1.0.7; https://github.com/fritzsedlazeck/SURVIVOR/) is able to merge 

and compare SVs within and among samples in order to obtain a consensus call set. 

This was used to iteratively merge the VCF files produced by Delly, Lumpy and GATK. 

Firstly, the VCFs produced by each tool were merged for each sample, resulting in a 

VCF file for each sample containing the merged data from the three tools. Secondly, 

the individual sample VCFs produced in the first step were merged to generate a 

single, final VCF containing the SV calls from the three tools across all samples. In 

both steps, SURVIVOR merge was run with the maximum distance between SVs set 

to 1 kb, and the minimum SV size set to 30 bp. Furthermore, strand and SV type were 

considered during the merging. 

 

Quality control of SURVIVOR data 

The tools used for variant calling are able to call all SV types; however, as we are only 

interested in deletions and duplications, all other variant types were filtered out. 

Deletions and duplications were further filtered based on size. Any variants less than 

50 bp or greater than 10 Mb were excluded. CNVs that occurred within ADME regions 

https://github.com/dellytools/delly
https://github.com/arq5x/lumpy-sv
https://github.com/lauracottino/PhD_Thesis/blob/main/Chapter%202%20scripts/Delly_Lumpy_GATK.nf
https://github.com/lauracottino/PhD_Thesis/blob/main/Chapter%202%20scripts/Delly_Lumpy_GATK.nf
https://github.com/fritzsedlazeck/SURVIVOR/
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were extracted. Lastly, only CNVs with a quality score greater than 1 000 were 

retained. The above filtering was performed using BCFtools (v1.10.2) as well as 

SURVIVOR’s filter option (v1.0.7; https://github.com/fritzsedlazeck/SURVIVOR/) 

which allows for CNVs to be filtered based on size. Following the above quality control, 

the final SURVIVOR dataset consisted of 30 798 CNVs, 158 of which were within 

ADME genes. 

 

2.2.4 Merging of CNVs from different tools 

CNVs were manually inspected and merged based on their start and end positions, 

CNV type, allele frequency and size. CNVs identified by a single tool were retained as 

the tools differ in their ability to call different types and size ranges of CNVs. For 

example, Genome STRiP cannot identify CNVs that are smaller than 1 000 bp, while 

the other tools can. Additionally, Genome STRiP is the only tool that has the ability to 

call mCNVs. Where Manta and SURVIVOR calls overlapped, the Manta call was 

retained. Where Genome STRiP and Manta calls overlapped, the Manta call was 

retained, except in the case of mCNVs, in which case the Genome STRiP call was 

retained. Where all three tools overlapped, the Manta call was retained, except in the 

case of mCNVs, in which case the Genome STRiP call was retained. Manta calls were 

retained when there was an overlap with other tools as we had the most confidence in 

this call set. 

 

2.2.5 CNV annotation 

Basic Linux commands as well as VCF manipulating tools, such as BCFtools (v1.10.2) 

and VCFtools (v0.1.16), were used for data analysis. Ensembl’s Variant Effect 

Predictor (VEP) (v104) (Howe et al., 2021) was used to determine which genes were 

overlapped by CNVs and to assess the CNV consequences. Variants were compared 

to those in the Database of Genomic Variation (DGV) (v107) (MacDonald et al., 2014) 

using BEDTools intersect (v2.27.1) with 50% reciprocal overlap in order to determine 

which CNVs were novel. All figures and graphs were generated using Microsoft Excel 

(v16.54) or R Studio (ggplot2 package) (v1.2.1335).  

https://github.com/fritzsedlazeck/SURVIVOR/
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2.3 Results 

2.3.1 Overview of CNVs identified by each tool 

 CNV counts 

To provide a comprehensive overview of the CNV landscape in ADME genes, we 

analysed  953 high-coverage WGSs using various different CNV calling tools to identify 

deletions and duplications. An overview of the CNVs identified by each tool can be 

seen in Table 2.2 below. 

 

Table 2.2: Count, length and frequency of ADME deletions, duplications and mCNVs 

identified using Genome STRiP, Manta as well as Delly, Lumpy and GATK 

(SURVIVOR dataset). 

 
Dataset CNV 

category 

Count Average 

Length (kb) 

AF < 1% 1% ≤ AF ≤ 5% AF > 5% 

Genome 

STRiP 

Deletions 52 (66.7%) 10.1 43 (82.7%) 5 (9.6%) 4 (7.7%) 

Duplications 17 (21.8%) 19.6 10 (58.8%) 5 (23.5%) 3 (17.6%) 

mCNVs 9 (11.5%) 4.3 2 (22.2%) 4 (44.4%) 3 (33.3%) 

All CNVs 78 11.5 55 (70.5%) 13 (16.7%) 10 (12.8%) 

Manta 

Deletions 243 (84.4%) 297.8 112 (50.2%) 41 (16.9%) 80 (32.9%) 

Duplications 45 (15.6%) 62.8 29 (64.4%) 11 (24.4%) 5 (11.1%) 

All CNVs 288 261.1 151 (52.4%) 52 (18.1%) 85 (29.5%) 

SURVIVOR 

Deletions 128 (81%) 228.7 65 (50.8%) 21 (16.4%) 42 (32.8%) 

Duplications 30 (19%) 1012.8 15 (50%) 8 (26.7%) 7 (23.3%) 

All CNVs 158 377.6 80 (50.6%) 29 (18.4%) 49 (31%) 
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The Genome STRiP dataset consisted of 15 658 CNVs that were identified across the 

genome, 78 of which were found within ADME genes (Table 2.2). The ADME CNVs 

called by Genome STRiP comprised 52 deletions (66.7%), 17 duplications (21.8%) 

and nine mCNVs (11.5%) (Table 2.2). mCNVs are defined as regions that are deleted 

in some individuals and duplicated in others (mixed mCNV), or where individuals all 

have duplications but with different CNs (duplication mCNV). Of the nine mCNVs 

detected in ADME genes, eight were mixed mCNVs and only one was a duplication 

mCNV. When assessing the Manta dataset, a total of 53 986 CNVs were identified 

across the genome, and 288 of these CNVs occurred within ADME genes (Table 2.2). 

The majority of ADME CNVs called by Manta were deletions (n = 243; 84.4%), while 

duplications only accounted for 15.6% (n = 45) of ADME CNVs (Table 2.2). Lastly, 

Delly, Lumpy and GATK calls were merged using SURVIVOR and will henceforth be 

referred to as the SURVIVOR dataset. The SURVIVOR dataset consisted of 30 798 

CNVs, 158 of which were ADME CNVs. The ADME CNVs in the SURVIVOR dataset 

consisted of 128 deletions (81%) and 30 duplications (19%) (Table 2.2). Genome 

STRiP is the only tool that was used that is able to call mCNVs and, as such, no 

mCNVs were identified in the Manta and SURVIVOR dataset. Manta called more 

ADME CNVs compared to the Genome STRiP and SURVIVOR datasets, and the 

proportion of deletions discovered by Manta and SURVIVOR where higher than the 

proportion of deletions discovered by Genome STRiP.  

 
 Allele frequencies of ADME CNVs 

When assessing the allele frequencies of the ADME CNVs in the three datasets, 

GenomeSTRiP called a higher proportion of rare CNVs (AF < 1%) (70.5%), compared 

to Manta (52.4%) and SURVIVOR (50.6%) (Table 2.2). In terms of low frequency CNVs 

(1% ≤ AF ≤ 5%), all three datasets had similar proportions (Genome STRiP: 16.7%; 

Manta: 18.1% and SURVIVOR: 18.4%) (Table 2.2). The proportion of common CNVs 

(AF > 5%) in the Manta and SURVIVOR datasets was 29.5% and 31% respectively 

(Table 2.2). This is higher than the proportion of common CNVs identified by Genome 

STRiP which was only 12.8% (Table 2.2). 

 

The allele frequency of the CNVs was also assessed for deletions and duplications 

separately. In the Genome STRiP dataset there was a higher proportion of rare 

deletions (82.7%) compared to rare duplications (58.8%), while for common CNVs, 

there is a higher proportion of common duplications (17.6%) compared to common 
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deletions (7.7%) (Table 2.2). The opposite is true for the Manta data where there was 

a higher proportion of rare duplications (64.4%) compared to rare deletions (50.2%), 

whilst for common CNVs, there was a higher proportion of common deletions (32.9%) 

compared to common duplications (11.1%) (Table 2.2). Additionally, in the SURVIVOR 

dataset we saw an equal proportion (~50%) of rare deletions and rare duplications, 

and the proportion of common deletions was slightly higher (32.8%) than that of 

common duplications (23.3%) (Table 2.2).  

 

 Sizes of ADME CNVs 

The smallest ADME CNV detected by Genome STRiP was 1 130 bp in size, while the 

largest was 64.7 kb. The average CNV size was 11.5 kb and duplications were larger 

than deletions, with an average size of 19.6 kb compared to 10.1 kb (Table 2.2). 

mCNVs were even smaller, with and average size of only 4.3 kb (Table 2.2). The 

average CNV size for the Manta dataset was 261.1 kb (Table 2.2). The smallest CNV 

identified by Manta was 51 bp in size, and the largest was 9.7 Mb in size. Unlike in the 

Genome STRiP dataset, deletions were larger than duplications with an average size 

of 297.8 kb and 62.8 kb respectively (Table 2.2). The minimum and maximum CNV 

size for the SURVIVOR dataset was 55 bp and 8.8 Mb respectively and the average 

CNV size was 337.6 kb (Table 2.2). Similarly to the Genome STRiP dataset and unlike 

the Manta STRiP dataset, duplications were larger than deletions with an average 

length of 1 Mb, compared to 228.7 kb for deletions (Table 2.2). On average, the CNVs 

identified by Manta and SURVIVOR were far larger than those identified by Genome 

STRiP (Table 2.2).  

 

When assessing the size ranges of the CNVs identified in each dataset (Figure 2.6), it 

can be seen that Genome STRiP only called CNVs that were between 1 kb and 100 kb 

in size, with CNVs between 1 kb and 10 kb being the most common (71.8%). Manta 

and SURVIVOR were able to call smaller CNVs (<1000 bp), which accounted for 

51.4% and 41.1% of the total number of CNVs in each dataset respectively (Figure 

2.6). Additionally, Manta and SURVIVOR called a number of very large CNVs (100 kb–

10 Mb) that GenomeSTRiP was not able to call (Figure 2.6).  
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Figure 2.6: Size ranges of ADME CNVs detected by Manta (blue), SURVIVOR 

(orange) and Genome STRiP (grey).  

 

When the allele frequency was plotted against size for all of the CNVs for each tool 

(Figure 2.7A-C), it can be seen that the majority of small CNVs were common, while 

larger CNVs tended to be observed at lower allele frequencies. This is with the 

exception of the SURVIVOR dataset in which several large CNVs were observed at 

high frequencies (Figure 2.7C). When looking only at CNVs that were less than 10 kb 

in size for each tool (Figure 2.7D-F)  the same pattern of decreasing allele frequency 

with increasing size was observed; however, there are several CNVs around the 2 kb 

and 5 kb size ranges with increased allele frequency, which was observed across all 

three datasets.  

 

 Novel ADME CNVs 

The CNVs identified in each dataset were compared to the DGV in order to determine 

if they had been previously reported or were novel. Of the CNVs detected by Genome 

STRiP, 32.1% (n = 25) did not overlap with any CNVs in the DGV and were classified 

as novel. Manta identified the highest number of novel CNVs compared to the other 

tools, with 29.9% (n = 86) of Manta CNVs being classified as novel. Lastly, 26.5% (n 

= 42) of the SURVIVOR CNVs were classified as novel.  
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Figure 2.7: Allele frequency versus size for (A) all Genome STRiP CNVs; (B) all Manta CNVs; (C) all SURVIVOR CNVs; (D) GenomeSTRiP 

CNVs < 10 kb; (E) Manta CNVs < 10 kb and (F) SURVIVOR CNVs < 10 kb. 
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2.3.2 Overlap between callers 

The overlap between the CNVs in the Genome STRiP, Manta and SURVIVOR 

datasets can be seen in Figure 2.8A below. A total of 362 CNVs were identified across 

all three datasets. Manta had the highest number of unique CNVs (n = 165; 45.6%), 

followed by SURVIVOR (n = 47; 13%) and Genome STRiP (n = 27; 7.5%). A total of 

39 CNVs (10.8%) were common across all three datasets. Manta and Genome STRiP 

shared an additional 12 CNV (3.3%) and Manta and SURVIVOR shared an additional 

72 CNV (19.9%). Interestingly, of the 111 CNVs shared by Manta and SURVIVOR 

datasets, 62.2% (n = 69) of the CNVs had either identical breakpoints or nearly 

identical breakpoints within 5 bp of each other.  

  

 

Figure 2.8: Overlap between the CNVs called by Genome STRiP (green), Manta (blue) 

and SURVIVOR  (Delly, Lumpy and GATK) (orange) for (A) all CNVs (n = 362) and (B) 

CNVs between 1 kb and 100 kb in size (n = 162). 

 

Each of the tools used have different abilities to detect different size ranges and types 

of CNVs. For example, Genome STRiP is unable to call CNVs that are smaller than 

1 000 bp, while the other tools can call CNVs down to 50 bp (Figure 2.6). Additionally, 

Genome STRiP was unable to call CNVs greater than 100 kb in size, while the other 

tools were able to call several CNVs in this size range (Figure 2.6). The majority of the 

CNVs that were unique to the Manta dataset (n = 106; 64.2%), as well as 34% (n = 16) 

of the CNVs that were unique to the SURVIVOR dataset were small CNVs (< 1 000 bp) 
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that would not have been detected by Genome STRiP. Therefore, as the tools have 

different size ranges of CNVs that they are able to call, we further assessed the overlap 

between the tools for CNVs between 1 kb and 100 kb in size, as this is the size range 

that all tools could detect CNVs within (Figure 2.8B). In this size range, a total of 162 

CNVs were identified across all three datasets. The percentage of CNVs that were 

common across all three datasets increased to 24.1%. Furthermore, the number of 

CNVs unique to the Manta dataset decreased to 28.4%. 

 

2.3.3 Merged CNV dataset 

 CNV landscape in ADME genes 

The merged CNV dataset consisted of 362 ADME CNVs, the majority of which were 

deletions (n = 284; 78.5%). Duplications accounted for 19.1% of the CNVs (n = 69) 

and the remaining nine CNVs (2.5%) were the mCNVs (Table 2.3). A file containing 

the CNVs can be seen in the GitHub repository (https://github.com/lauracottino/PhD_

Thesis/blob/main/Supplementary%20Files/Merged_Short_Read_ADME_CNVs.xlsx). 

 

Table 2.3: Count, length and frequency of ADME deletions, duplications and mCNVs 

in the merged dataset. 

CNV category Count 
Average 

length (kb) 
AF < 1% 1% ≤ AF ≤ 5% AF > 5% 

Deletions 284 (78.5%) 343.8 147 (51.8%) 48 (16.9%) 89 (31.3%) 

Duplications 69 (19.1%) 472.2 43 (62.3%) 15 (21.7%) 11 (15.9%) 

mCNVs 9 (2.5%) 4.3 2 (22.2%) 4 (44.4%) 3 (33.3%) 

 362 359.9  192 (53%) 67 (18.5%) 103 (28.5%) 

 

Approximately half of the ADME CNVs in the merged dataset were rare, with an allele 

frequency of less than 1% (Table 2.3). This was followed by common CNVs (AF > 5%) 

and low frequency CNVs (1% ≤ AF ≤ 5%) which accounted for 28.5% (n = 103) and 

18.5% (n = 67) of ADME CNVs respectively (Table 2.3). The proportion of rare 

duplications (62.3%) was higher compared to rare deletions (51.8%), and the converse 

is true for common variants, with the proportion of common deletions (31.3%) being 

almost double the proportion of common duplications (15.9%) (Table 2.3). The mCNVs 

that were identified ranged in allele frequency from 0.9% to 22.7%. 

https://github.com/lauracottino/PhD_Thesis/blob/main/Supplementary%20Files/Merged_Short_Read_ADME_CNVs.xlsx
https://github.com/lauracottino/PhD_Thesis/blob/main/Supplementary%20Files/Merged_Short_Read_ADME_CNVs.xlsx
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Additionally, 7.2% (n = 26) of the CNVs were observed at very high allele frequencies 

(>70%) in the studied populations. These CNVs were all small with an average length 

of only 324 bp, and all but one being less than 1 000 bp in size. Sixteen ADME genes 

were affected by these high-frequency CNVs, all of which were extended ADME genes 

with the exception of UGT2B7 which is classified as a core ADME gene. This CNV 

affected the upstream region of UGT2B7 and was a 324 bp deletion with an allele 

frequency of 79.5%. 

 

A total of 169 ADME genes were affected by CNVs, including 25 (14.8%) core ADME 

genes and 144 (85.2%) extended ADME genes. The core ADME genes affected by 

CNVs included (1) Phase I metaboliser genes CYP1A1, CYP1A2, CYP2A6, CYP2B6, 

CYP2C19, CYP2C8, CYP2C9, CYP2E1, CYP3A4, CYP3A5 and DPYD; (2) Phase II 

metabolised genes GSTM1, GSTP1, NAT1, SULT1A1, TPMT, UGT1A1 and UGT2B7; 

and (3) transporter genes ABCC2, ABCG2, SLC15A2, SLC22A2, SLC22A6, 

SLCO1B1 and SLCO1B3. Phase I metaboliser genes were most commonly affected 

(n = 71; 42%), followed by transporter genes (n = 45; 27%), Phase II metaboliser genes 

(n = 41; 24%) and lastly, modifier genes (n = 12; 7%) (Figure 2.9).  

 

 

 

 

 

 

 

 

 

 

 

 

 

Figure 2.9: Breakdown of the type of ADME gene affected by CNVs (Count; 

Percentage). 
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The majority of ADME genes were not affected by any CNVs (n = 130; 43.5%). This 

was followed by ADME genes affected by only one CNV (n = 66; 22.1%), two CNVs 

(n = 41; 13.7%) and three CNVs (n = 21; 7%) (Figure 2.10). The remaining genes were 

affected by between four and 16 CNVs, with 1.7% (n = 5) of ADME genes being 

affected by more than 10 CNVs (Figure 2.10). A breakdown of the number of CNVs 

that each ADME gene was affected by can be seen in Figure 2.11 below.  

 

 

Figure 2.10: Number of CNVs per ADME gene. 
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Figure 2.11: Number of CNVs per ADME gene for Phase I metaboliser genes (n = 71) 

(green), Phase II metaboliser genes (n = 45) (blue), transporter genes (n = 41) (purple) 

and modifier genes (n = 12) (red).  
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 Regional analysis 

The number of ADME CNVs per individual ranged from 32 to 68, with each individual 

harbouring an average of 48 ADME CNVs. The majority of individuals (n = 565; 59.3%) 

had between 40 and 50 CNVs affecting their ADME genes, and a further 30% (n = 

286) of individuals harboured between 50 and 60 ADME CNVs (Figure 2.12). When 

separated by region, the average number of CNVs per individual was similar across 

SSA, with individuals from west Africa harbouring an average of 47 ADME CNVs, 

individuals from central and east Africa both harbouring an average of 48 ADME CNVs 

and individuals from southern Africa harbouring an average of 51 ADME CNVs.  

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Figure 2.12: Number of ADME CNVs per individual.   
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The number of CNVs identified in each region of SSA can be seen in Figure 2.13  

below. It is important to note that the number of samples from each region is not equal. 

The highest number of samples in the dataset were of west African origin (n = 564) 

and west Africa harboured the highest number of CNVs (n = 310). East and southern 

African samples had a similar number of CNVs identified; however, there were 63 more 

samples from southern Africa compared to east Africa. Lastly, although there were 

only 30 central African samples, these samples had more than half the number of 

CNVs compared to west Africa, which had almost 20 times the number of samples. 

When scaled by the number of samples, west Africa had 0.6 CNVs per sample, east 

Africa had 1.6 CNVs per sample, southern Africa had 1.1 CNVs per sample and central 

Africa had 5.8 CNVs per sample. 

 

 

Figure 2.13: Total number of ADME CNVs identified in each region. The number of 

samples from each region is indicated in brackets below the region name. Note that 

the number of samples from each region are not equal.  
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A Venn diagram showing the overlap of CNVs identified in west, central, east and 

southern Africa can be seen in Figure 2.14 below. A total of 34% of CNVs (n = 123) 

occurred in only a single SSA region, with west Africa having the highest number of 

unique CNVs (n = 74; 20.4%), followed by southern Africa (n = 21; 5.8%); east Africa 

(n = 20; 5.5%) and central Africa (n = 8; 2.2%). Just under half of the CNVs 

(n = 152; 42%) were common across all SSA regions. A total of 44 CNVs (12.1%) were 

common across three of the four SSA region with central, south and west Africa sharing 

the highest number of CNVs (n = 36; 9.9%). Lastly, 11.9% of CNVs (n = 43) were 

common across only two of the four SSA regions, with west and east Africa sharing 

the highest number of CNVs (n = 15; 4.1%), closely followed by west and southern 

Africa (n = 14; 3.9%). 

 

 

 

 

 

 

 

 

 

 

 

 
 

 

 

 

 

Figure 2.14: Overlap between ADME CNVs identified in individuals from west (orange), 

central (green), east (blue) and southern (yellow) Africa. 

 

The CNVs that were common across all four regions (n = 152) affected 99 different 

ADME genes, including core ADME genes ABCC2, ABCG2, CYP1A1, CYP1A2, 

CYP2A6, CYP2B6, CYP2C8, CYP2E1, DPYD, GSTM1, SLC22A2, SULT1A1 and 

UGT2B7.  
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 Functional Annotation and Biological Implications  

Size of ADME CNVs 

The size of the CNVs in the merged dataset was assessed as this can have 

implications on the functional impact. The smallest CNV identified was 51 bp and the 

largest was 9.7 Mb in length. Duplications were larger than deletions, with an average 

length of 472.2 kb, while deletions had an average length of 343.8 kb (Table 2.3). The 

mCNVs identified were far smaller, with an average length of only 4.3 kb (Table 2.3). 

The size range of the ADME CNVs in the merged dataset can be seen in Figure 2.15  

below. When the entire call set was assessed (Figure 2.15A), it can be seen that CNVs 

were most commonly (n = 219; 60.5%) between 101 and 10 000 bp in size. A further 

15.2% (n = 55) of CNVs were between 10 001 and 100 000 bp and 9.9% (n = 36) of 

CNVs were greater than 100 000 bp in size (Figure 2.15A). Lastly, 14.4% (n = 52) of 

CNVs were small CNVs between 50 and 100 bp (Figure 2.15A). CNVs were further 

split into smaller size ranges including 50–1 000 bp (Figure 2.15B), 1 001–10 000 bp 

(Figure 2.15C) and 10 000–100 000 bp (Figure 2.15D).  For small CNVs (<1000 bp), 

the most common size range was 50–100 bp (n = 52; 31.7%), followed by 101–200 bp 

(n = 28; 17.1%) (Figure 2.15B). For larger CNVs between 1 001 and 10 000 bp the 

most common size range was 1 001–2 000 bp (n = 33; 30.8%) followed by 2 001–

3 000 bp (n = 21; 19.6%) and 4 001–5 000 bp (n = 15; 14%) (Figure 2.15C). Lastly, for 

large CNVs between 10 001bp–100 000 bp, CNVs were most commonly between 

40 001–50 000 bp (n = 15; 27.3%), followed by 10 001–20 000 bp (n = 14; 25.5%) and 

30 001–40 000 bp (n = 12; 21.8%) (Figure 2.15D).  

 

Size versus allele frequency was plotted for all ADME CNVs in the merged dataset 

and it can be seen that there are a handful of extremely large CNVs (n = 23) greater 

than 1 Mb in length (Figure 2.16A). Most of these CNVs were observed at low allele 

frequencies; however, there were some that were observed at higher frequencies, up 

to 46.6% (Figure 2.16A). When CNVs greater than 100 000 bp were excluded 

(Figure 2.16B), the majority of CNVs  greater than 10 000 bp were observed at low 

allele frequencies, but there is an increase in allele frequency for several CNVs around 

40 000 bp. Lastly, when CNVs smaller than 10 000 bp were assessed (Figure 2.16C), 

small CNVs (<1000bp) had a vast range of allele frequencies. The allele frequencies 

decrease as the size increases; however, there are several CNVs around the 2 000 bp 

and 5 000 bp size range with increased allele frequencies (Figure 2.16C).
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Figure 2.15: Size range of ADME CNVs (A) All CNVs; (B) CNVs between 50 and 1 000 bp in size; (C) CNVs between 1 000 and 10 000 bp 

in size and (D) CNVs between 10 000 bp and 100 000 bp in size. 
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Figure 2.16: Size versus allele frequency for (A) all ADME CNVs; (B) ADME CNVs > 100 000 bp excluded and (C) ADME CNVs > 10 000 bp 

excluded.   
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Consequences of ADME CNVs 

The most severe consequence of each CNV was obtained from Ensembl’s VEP and 

can be seen in Figure 2.17 below. Over half of the CNVs (n = 215; 59.4%) were intronic 

variants. This was followed by CNVs affecting the coding region of a gene/s (n = 53; 

14.6%). Transcript ablation, or the complete loss of an entire gene/s, was the most 

severe consequence for 33 (9.1%) CNVs, and transcript amplification, or the complete 

gain of an entire gene/s, was the most severe consequence for 21 (5.8%) of the CNVs. 

A total of 57 ADME genes were either fully deleted (transcript ablations) or fully 

duplicated (transcript amplifications), nine of which were core ADME genes (CYP1A1, 

CYP1A2, CYP2A6, CYP2C8, CYP2C9, CYP2E1, CYP3A4,  GSTM1, GSTP1 and 

NAT1). Upstream and downstream variants accounted for 3.3% (n = 12) and 3% (n = 

11) of CNVs. Stop losses (loss of a stop codon) were the most severe consequence 

for 2.8% (n = 10) of CNVs, and 3’ and 5’ untranslated region (UTR) variants accounted 

for 1.4% (n = 5) and 0.6% (n = 2) of CNVs. 

 

 

Figure 2.17: Most severe consequence of each CNV obtained from Ensembl’s VEP 

(Count; Percentage).  
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Of the CNVRs affecting at least one exon, more CNVs affected terminal exons 

(i.e. affecting at least the 5’ or 3’ terminal exon) as opposed to internal exons only 

(Figure 2.18). Furthermore, of the CNVs affecting terminal exons, more CNVs affected 

the 5’ terminal exons compared to the 3’ terminal exons (Figure 2.18).  

 

Figure 2.18: Breakdown of coding region affected by CNVs involving at least one exon. 
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Table 2.4: Drugs used to treat common diseases in Africa, genes that are involved in the ADME of these drugs as well as the CNVs 

identified in these genes (type, size, frequency and gene region affected by the CNV).   
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 Novel and known CNV loci 

Of the 362 CNVs in the merged dataset, 120 CNVs (33.2%) did not overlap with CNVs 

in the DGV and were classified as novel. The majority of novel CNVs were deletions 

(n = 91; 75.8%), while duplications accounted for the 22.5% (n = 27) of novel CNVs 

and mCNVs accounted for only 1.7% (n = 2) of novel CNVs. Half of novel CNVs were 

small CNVs (<1000 bp) (n = 60; 50%). There were also several larger CNVs with 29.2% 

of novel CNVs (n = 35) being between 1 000–10 000 bp in size, and a further 20.8% 

of novel CNVs (n = 25) being larger than 10 000 bp in size. In terms of allele frequency, 

the majority of novel CNVs (n = 76; 63.3%) were rare with an allele frequency of less 

than 1%. However, 25% (n = 30) of novel CNVs were common (AF > 5%) in the studied 

populations. A total of 102 ADME genes were affected by at least one novel CNV, 

including core ADME genes ABCG2, CYP1A1, CYP1A2, CYP2C8, CYP2E1, CYP3A5, 

DPYD, GSTP1, SLC22A2, SLCO1B1, SLCO1B3, TPMT and UGT1A1. 
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2.4 Discussion  

It is well known that an individual’s genetic variability within pharmacogenetically 

relevant genes plays a major role in the variable response to drugs that is observed 

amongst patients (Sim, Kacevska and Ingelman-Sundberg, 2012). Genetic variation 

within ADME genes explains to a large extent variability in drug efficacy as well as the 

presence of ADRs (Johansson and Ingelman-Sundberg, 2009). SNVs within ADME 

genes have been widely studied and characterised; however, CNV is an understudied, 

yet important source of variability that needs to be characterised in order to obtain a 

more complete set of pharmacogenetically relevant variants. In addition, African 

populations are generally understudied (Martin et al., 2018), with no exception of 

CNVs. Over recent years, the introduction of NGS has resulted in the development of 

over 100 different tools for calling SVs, including CNVs, from short-read sequencing 

data (Mahmoud et al., 2019). By leveraging this approach in combination with a novel, 

African dataset, we have been able to provide the first assessment of the CNV 

landscape within ADME genes in a diverse set of SSA populations. 

 

2.4.1 Differences between CNV calling tools 

While many SV calling algorithms have been developed, no single algorithm can 

accurately and sensitively detect all types and all sizes of SVs (Pabinger et al., 2014). 

Therefore, many studies have made use of multiple algorithms that use different 

approaches to call SVs and then merged the outputs (Kosugi et al., 2019). In this study 

we made use of Genome STRiP (RP and RD), Manta (RP, SR and AS), Delly (RP and 

SR), Lumpy (RP, SR and RD) and GATK (RD) (Kosugi et al., 2019) to call CNVs in 

ADME genes. Manta, Delly and Lumpy were included as they have been shown to 

have high levels of precision and recall (Kosugi et al., 2019). Genome STRiP was 

included in this study as it calls CNVs across multiple samples, which is a different 

approach compared to all of the other tools. By using several different tools that make 

use of a combination of several different approaches, we aimed to obtain a more 

comprehensive dataset. 

 

It has been shown that the CNVs detected by different tools can be highly variable 

(Coutelier et al., 2021), as was observed in this study. We found that the number and 

size range of CNVs called by each tool varied widely, and that the three datasets 

overlapped poorly. This finding was also observed by Coutelier and colleagues who 
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made use of four different CNV calling tools on WGS data (Coutelier et al., 2021). Of 

the 362 CNVs in our merged dataset, only 10.8% of CNVs were common to all three 

datasets (Genome STRiP, Manta and SURVIVOR (Delly, Lumpy and GATK merged)), 

and a further 23.2% of CNVs were common to two of the three datasets. Therefore, 

the majority of CNVs (66%) were unique to a specific dataset, with Manta having the 

highest proportion of unique CNVs (45.6%). In a study that made use of 11 different 

CNV calling algorithms on 36 WGS, 74.4% of CNVs were called only by a single tool, 

and only 9.5% of CNVs were called by three of the tools (Gabrielaite et al., 2021). The 

percentage of CNVs called by three tools is comparable to our study while the 

concordance between our tools is slightly higher with only 66% of CNVs unique to one 

tool, compared to 74.4% in their study. However, this may be due to the fact that they 

made use of more CNV calling tools, each of which will have their own unique call set. 

 

However, in a study that assessed just under 80 SV calling tools, they found that while 

some tools, such as Manta, could call deletions and duplications across all size ranges, 

others showed limited performance in specific size ranges (Kosugi et al., 2019). An 

example of such a tool is Genome STRiP which is less effective for small deletions 

and duplications (Kosugi et al., 2019). While Manta is able to call CNVs with a minimum 

size of 50bp, Genome STRiP is only able to call CNVs down to 1000bp. A total of 

64.2% of the CNVs that were unique to the Manta dataset were small CNVs (< 1000bp) 

and would therefore not have been called effectively by Genome STRiP. SV calling 

tools also differ in their ability to call different types of SVs. While all of the tools that 

were used in this study have the ability to call both deletions and duplications, Genome 

STRiP is the only tool used that calls CNVs using multiple samples and is therefore 

able to call mCNVs. 

 

Although the CNVs that were detected by each caller were highly variable in this study, 

the advantages of each tool were leveraged in order to obtain a more comprehensive 

dataset of ADME CNVs (Coutelier et al., 2021). 

 

2.4.2 Landscape of CNVs in ADME genes 

In this study we investigated ADME CNVs in various SSA populations using several 

different tools. The results from the five tools were combined to produce a merged 

dataset which consisted of 362 ADME CNVs, the majority of which were deletions 
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(78.5%). The majority of individuals (89.3%) harboured between 40 and 60 CNVs 

within their ADME genes and, on average, individuals from southern Africa had the 

highest number of ADME CNVs (n = 51). In a study performed by Tremmel and 

colleagues that assessed CNV in ADME genes in 150 European individuals, each 

individual harboured an average of 4.1 CNVs in the 340 ADME genes that were 

assessed (Tremmel et al., 2016). This is considerably lower than the number of ADME 

CNVs that were identified per individuals in our study, and can in part be explained by 

the fact that African individuals tend to harbour a greater level of genetic variation 

compared of European individuals (Campbell and Tishkoff, 2008). However, the 

Tremmel and colleagues study is not directly comparable to our study as they called 

CNVs from sequencing data generated using a targeted ADME‐NGS panel (Tremmel 

et al., 2016). The panel targeted the exons with exon/intron boundaries and selected 

5′ gene regions of 340 ADME genes (Tremmel et al., 2016), while our study called 

CNVs from WGS data, and thus included intronic and intergenic CNVs as well. 

 

Just under 30% of the CNVs in the merged dataset were common, with an allele 

frequency of 5% or greater in the studied SSA populations. While a variety of common 

genetic variants that influence drug response have been previously reported, these do 

not fully explain the variability in drug response that is observed (Ingelman-Sundberg 

et al., 2018). A recent study concluded that rare genetic variants are likely to account 

for a substantial proportion of the unexplained inter-individual variability that is 

observed in drug response (Ingelman-Sundberg et al., 2018). Over half (53%) of the 

CNVs identified in the merged dataset were rare (AF < 1%) in SSA populations and 

may account for some of the unexplained variability mentioned above. The use of high-

coverage WGS data in this study allowed us to identify rare variants that may otherwise 

have been missed if low-coverage WGS data was utilised.  

 

Additionally, while common CNVs are important to consider in terms of precision public 

health, rare CNVs are important to consider in terms of precision medicine at the 

individual-level. An interesting example of this is the case of DYPD. In this study we 

identified seven different CNVs within the DYPD, six of which were intronic variants. 

The remaining CNV affected the coding and intronic region of the gene and resulted in 

the deletion of exon 11/23 and introns 10-11/22 (chr1_97572305_97577146). This 

CNV was observed in a single individual from west Africa, who was heterozygous for 

the deletion.  



 86 

Fluorouracil is a chemotherapy agent that is used in the treatment of multiple cancer 

types (Dean and Kane, 2016). The DPD enzyme catalyses the rate-limiting step in 

fluorouracil metabolism to generate inactive metabolites (Dean and Kane, 2016). It is 

known that individuals with at least one copy of non-functional DPYD (DPYD*2A) may 

not metabolise fluorouracil at normal rates (Dean and Kane, 2016). Prolonged 

clearance of the drug puts these individuals at risk of life-threatening fluorouracil 

toxicity including bone marrow suppression, neurotoxicity, and even death (Saif et al., 

2007; Dean and Kane, 2016). This is considered to be a true pharmacogenetic 

syndrome, as symptoms are only present when an individual is administered the drug 

(Saif et al., 2007). DPYD*2A is the most common mutation that has been associated 

with a deficiency of the DPYD enzyme (Saif et al., 2007). A G → A base change at the 

splice recognition sequence of intron 14 results in exon skipping and a 165bp deletion 

of exon 14 in the mRNA (Saif et al., 2007). This results in the production of a truncated 

protein with almost no enzyme activity (Saif et al., 2007). The CNV identified in this 

study involves the deletion of exon 11 of DPYD. This truncated protein may have 

reduced or no enzyme activity depending on the importance of exon 11 in the protein. 

If so, it may have similar effects to the DPYD*2A variant. While fluorouracil was not 

always accessible and commonly prescribed in Africa, as of recently, Pfizer has agreed 

to provide fluorouracil at or near cost price to various African countries (Dyer, 2017). 

As this drug will be prescribed more frequently in Africa, the CNV that we have 

identified warrants further investigation due to the severity of the ADRs that are 

observed when there is a DYPD enzyme deficiency. 

 

A third (33.2%) of the CNVs in the merged dataset did not overlap with CNVs in the 

DGV and were classified as novel. A study performed on over 6 000 European 

individuals found that 81% of the CNVs called from the WGS data had been previously 

reported in the DGV, therefore 19% of their CNVs were novel (Png et al., 2019). We 

found a higher percentage of novel CNVs from far fewer sequences. This may be due 

to the higher levels of genetic diversity that are typically seen in African populations 

(Campbell and Tishkoff, 2008) but may also be because African populations are 

understudied and are therefore not well represented in databases such as the DGV 

(Mulder et al., 2020). 

 

A total of 34% of CNVs in the merged dataset were region specific, with west Africa 

harbouring the highest number of region specific CNVs. This may be due to the fact 
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that we had far more west African samples compared to other regions. The 

identification of region specific CNVs indicates that CNV is not uniform across African 

regions, and that African populations cannot be treated as an homogenous entity. 

However, we did identify CNVs that were present across all regions, with 42% of the 

CNVs in the merged dataset occurring across west, central, east and southern Africa. 

Of these CNVs that were common to all regions, several core ADME genes were 

affected and a large proportion (23%) had severe predicted consequences including 

transcript amplification, transcript ablation, stop loss, and coding regions affected. As 

these CNVs are observed across African regions and have potential functional 

implications, further investigations into these CNVs is warranted. 

 

Interestingly, central Africa harboured a large number of CNVs in relation to the 

number of samples from the region. Although there were only 30 central African 

samples, these samples had more than half the number of CNVs compared to West 

Africa, which had almost 20 times the number of samples. The majority of samples 

from central Africa were from Cameroon. The high number of CNVs identified in 

individuals from this region compared to other regions may be due to the movement of 

Bantu-speaking individuals from Cameroon into the rest of SSA approximately 5 000 

years ago (Choudhury et al., 2018). 

 

In this study a large proportion of ADME genes (n = 169) were found to have CNVs 

which may be explained by the fact that, in general, ADME genes are more variable 

and less sensitive to negative selection (Hovelson et al., 2017). A study performed by 

Santos and colleagues assessed the CNV landscape in 208 ADME genes (Santos et 

al., 2017). They utilized CNVs that had previously been called from 2 504 WGSs and 

59 898 whole exome sequences (WESs) from various populations (non-Finnish 

Europeans, Finns, Africans, South Asians, East Asians, and admixed Americans) and 

found that of the 208 ADME genes that were included in their study, 201 harboured 

CNVs (Santos et al., 2017). In our study, fewer ADME genes were found to have CNVs 

(n = 169), with a larger proportion of ADME genes containing no CNVs. However, this 

may be due to the far higher number of samples assessed by Santos and colleagues 

(Santos et al., 2017). CNV calling in a larger number of study participants may increase 

the number of CNVs identified in ADME genes.  
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Furthermore, their study showed that 47% of the CNVs assessed were deletions, while 

the remaining 53% were duplications (Santos et al., 2017). While they detected slightly 

more duplications compared to deletions, the majority of CNVs identified in this current 

study were deletions, which accounted for 78.5% of CNVs in the merged dataset.  

 

2.4.3 Functional annotation and biological implications of CNVRs  

The CNVs in the merged dataset ranged in size from 51 bp to 9.7 Mb, and just under 

half of the CNVs were small (<1 000 bp). We observed increased frequencies of 

several CNVs around the 2 kb and 5–6 kb size ranges as well as around the 40 kb size 

range. Similar patterns in CNV frequency were observed by Gonzaga-Jauregui and 

colleagues, specifically, between 10–30 kb, instead of 40 kb as in this current study 

(Gonzaga-Jauregui, Lupski and Gibbs, 2012). Additionally, duplications were larger 

than deletions, which was also observed by Santos and colleagues (Santos et al., 

2017). It is generally accepted that the larger the CNV, the greater the clinical 

significance; however, there are cases where large CNVs are clinically benign and 

small CNVs have significant function implications (Nowakowska, 2017).  

 

CNVs can have an effect on phenotype by directly affecting gene dosage, thus altering 

the level of gene expression, and may also have significant impacts on protein 

sequence, structure and function (Zhao et al., 2013; Nowakowska, 2017). The gene 

elements affected by CNVs were studied as this can influence the functional impact of 

the CNVs (Cabianca and Gabellini, 2010b). If an entire gene(s) locus is involved, the 

gene dosage may be altered resulting in either gene amplification or deletion (Stranger 

et al., 2007; De Smith et al., 2009). In this current study we identified 54 CNVs (14.9%) 

that affected an entire ADME gene/s. Full gene deletions are almost invariably 

damaging (Saif et al., 2019), and the core ADME genes that were fully deleted included 

CYP1A1, CYP1A2, CYP3A4, GSTM1 and GSTP1. While full gene deletions are almost 

always damaging, this is not the case for full gene duplications (Saif et al., 2019). 

However, even though they are not always considered deleterious, they can have 

important implications in terms of pharmacogenetics. For example, when an individual 

has more than two functional copies of an ADME gene, they are considered to be an 

ultra-rapid metabolizer (UM) (Jarvis, Peter and Shaman, 2019). For drugs 

administered in their active form, UMs may require an increased dose as a result of 

the increased levels of metabolism of the active drug into its inactive metabolites 
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(Jarvis, Peter and Shaman, 2019). Opposingly, for prodrugs, lowered dose may be 

required for UMs, as the increased metabolism of the prodrug into its active form may 

result in toxic levels of the drug in the body (Jarvis, Peter and Shaman, 2019). The 

core ADME genes that were fully duplicated included CYP2A6, CYP2C8, CYP2C9, 

CYP2E1 and NAT1.  

 

However, the vast majority of CNVs did not affect an entire gene, but rather affected 

only a portion of a gene. Of the partial-gene CNVs, intronic CNVs (CNVs not affecting 

any exons) were the most abundant form of CNV within the ADME genes. As variants 

within introns are generally less damaging than those affecting coding regions, the 

enrichment of intronic CNVs may be explained as a consequence of negative selection 

of CNVs in exonic regions, whereby deleterious variants are selectively removed from 

the coding regions of genes (Rigau et al., 2019). The apparent enrichment of intronic 

CNVs may also be explained by the fact that introns are typically longer than exons, 

with an average size of 3 kb and 100–200 bp respectively (Lim and Burge, 2001). 

Intronic variants may not be as benign as once thought. It is now well recognized that 

introns contain regulatory elements that may play a role in the control of gene 

expression and thus CNVs involving an intron/s may result in changes to gene 

expression (Rigau et al., 2019). Furthermore, it has also been shown that CNVs within 

introns can lead to altered splicing or an alteration in the production of non-coding RNA 

(ncRNA) (Stranger et al., 2007; De Smith et al., 2009; Cabianca and Gabellini, 2010b).  

 

While intronic CNVRs were the most abundant, 15% of CNVs affected the coding 

region of an ADME gene/s and exons were more affected by deletions as compared 

to duplications. CNVs affecting exons can result in changes to protein structure and 

function, thus leading to the production of an aberrant protein (De Smith et al., 2009; 

Cabianca and Gabellini, 2010b). Functional impact may be further influenced by which 

exons are affected. More CNVs (both deletions and duplications) affected the terminal 

exons of the genes compared to only internal exons. CNVs involving only internal 

exons are likely to disrupt the reading frame and are thus likely to be damaging (Saif 

et al., 2019). Furthermore, more CNVs affected the 5’ terminal exons as opposed to 

the 3’ terminal exons. Functionally, deletions involving the 5’ terminal exons of genes 

are almost always deleterious whereas duplications at the 3’ terminal exons may not 

be damaging, as the functional gene structure may remain intact (Saif et al., 2019). 
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Calling CNVs from WGS data is just the first step. There is a great need for 

comprehensive databases and accurate tools for variant annotation (Coutelier et al., 

2021). While various tools exist for predicting the pathogenicity of SNVs, constructing 

similar tools for SVs is difficult due to the diversity of variant size and type. Furthermore, 

precise breakpoint detection of SV remains difficult with the current sequencing 

technology, resulting in uncertainty about their exact location. There have been some 

attempts at SV impact prediction. For example, VEP performs superficial consequence 

prediction for insertions, deletions and duplications. However, to date, no existing 

method provides a quantitative pathogenicity score for SV, making the prediction of 

functional impact difficult.  

 

2.4.4 Important ADME CNVs in an African context 

The African continent is severely affected by disease – both communicable and non-

communicable (Alessandrini and Pepper, 2014). The rates of infectious diseases such 

as TB, HIV/AIDS and malaria remain high (Avert, 2020; World Health Organization, 

2020b, 2020a), and the rates of non-communicable diseases (NCDs) such as 

cardiovascular diseases, diabetes mellitus, respiratory diseases, cancer and 

neuropsychiatric disorders are rapidly rising (Mayosi et al., 2009; Nyirenda, 2016). Due 

to the high prevalence of these diseases in Africa, genetic variation within genes that 

are involved in the ADME of the drugs used to treat these common diseases is 

important to consider. The important drugs in an African context and the genes 

involved in their ADME, as well as the CNVs identified within these genes are 

summarized in Table 2.4. In the following section we will discuss the importance of 

each gene, which has been studied extensively by Bains (2013), Dandara and 

colleagues (2014) and Elliot, Mahungu and Owen (2017), as well as the CNVs affecting 

each gene. 

 

CYP450 genes 

CYP1A1 is a minor contributor to the metabolism of efavirenz, an ARV drug, while 

CYP1A2 is involved in the metabolism of lumefantrine (Abdullahi et al., 2020) and 

chloroquine and is a primary metaboliser of mefloquine, all of which are anti-malarial 

drugs. In this study we identified a deletion (chr15_74721603_74745146) that affected 

exons 1–3/7, introns 1–2/6 and the 5’ UTR of CYP1A1 which was observed at an allele 

frequency of 0.2%. Deletions involving the coding regions of these genes have been 
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reported at frequencies of 0.03% in African individuals (Santos et al., 2017). We also 

identified a large deletion (chr15_71577734_80433233), that spanned both CYP1A1 

and CYP1A2, which was common (AF = 7.3%) across the studied populations and was 

observed in individuals from west, central, east and southern Africa. Severe loss of 

function variants are not commonly observed in these genes (Ugartondo et al., 2021), 

perhaps due to their important role in the deactivation of most endogenous compounds 

as well as xenobiotics (He and Feng, 2015). Therefore, the complete loss of these 

genes in a large proportion of the studied populations is an interesting finding that 

needs to be further investigated due to the potential functional impact and importance 

of these genes in the metabolism of several important drugs using in Africa. 

 

CYP2A6 is a major contributor to the metabolism of anti-malarial drugs artemether and 

artesunate as well as a minor contributor to the metabolism of chloroquine and 

mefloquine (Navaratnam et al., 2000; Ali et al., 2010). It also plays a minor role in the 

metabolism of ARV drug, efavirenz. Both full gene deletions and duplications of the 

CYP2A6 gene have been reported across various populations, with the full gene 

deletion being reported at an allele frequency of 3.8% in African American individuals 

(Martis et al., 2013). In this study we identified various CNVs affecting this gene, the 

first of which was a deletion (chr19_40843626_40875428) that involved 98.7% of the 

gene (all exons, all introns, 5’ and 3’ UTRs) and was observed at a frequency of 2.2% 

in the studied populations. This is slightly lower than the allele frequency of the full 

gene deletion observed in African American individuals (Martis et al., 2013). The full 

gene deletion of CYP2A6 is known as CYP2A6*4 and results in null enzyme activity 

and thus a poor metaboliser (PM) phenotype (Mittal et al., 2015). This CNV is thus 

likely to affect the efficacy and toxicity of CYP2A6 substrates such as important 

antimalarial drugs artemether and artesunate. We also identified a deletion 

(chr19_40848777_40880642) that affected only the terminal portion of the gene 

(exons 1-2/9 and introns 1-2/8), which was observed at an allele frequency of 3.3%. 

Full gene duplications of CYP2A6 are less common and are generally observed at a 

frequency of < 2% across populations (Martis et al., 2013). In this study the full gene 

duplication (chr19_40838483_40869134) of CYP2A6 was observed at an allele 

frequency of 0.8%, which is in line with other studies (Martis et al., 2013). Alleles that 

confer increased enzyme activity such as gene duplications result in increased rates 

of substrate metabolism. This has been extensively studied with respect to nicotine 

metabolism and smoking behaviours, with such alleles resulting in increased rates of 
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nicotine metabolism and thus increase cigarette consumption and depth of inhalation 

(Rao et al., 2000). We also identified a duplication (chr19_40848650_40880515) 

affecting the terminal end of the gene (exons 1–3/9 and introns 1–2/8) which was 

observed at an allele frequency of 2.5%. All four CNVs identified in this study were 

observed in individuals across west, central, east and southern Africa. 

 

CYP2B6 is key to the metabolism of various drugs, most predominantly efavirenz and 

nevirapine (Ciccacci et al., 2017) which are both ARVs. It is also involved, although not 

predominantly, in the metabolism of anti-malarial drugs quinine, chloroquine, 

artemether, artesunate, lumefantrine and mefloquine (Navaratnam et al., 2000; Ali et 

al., 2010; Abdullahi et al., 2020). Lastly, CYP2B6 plays a role in the metabolism of 

rifampicin, an anti-TB drug (Bibi, 2008; Cho et al., 2016). A recent study performed by 

Santos and colleagues found that in African individuals, deletions and duplications in 

CYP2B6 were the most frequent, with frequencies of 0.9% and 0.4% respectively 

(Santos et al., 2017). In this study, two CNVs within CYP2B6 were identified, both of 

which were deletions (chr19_40940696_41008574 and chr19_40948220_41015852). 

One of the CNVs was a 67.6 kb deletion involving over 90% of the gene, including 

exons 1–8/9 and introns 1–8/8 as well as the 5’ UTR (chr19_40948220_41015852). 

This CNV was observed at an allele frequency of 3.2% across the SSA populations, 

which is higher than the frequency observed by Santos and colleagues, and was 

observed in individuals across west, central, east and southern Africa. Efavirenz and 

nevirapine are two drugs commonly used a first-line treatments for HIV in LMICs such 

as those in SSA (Langmia et al., 2021). Efavirenz has a narrow therapeutic window 

meaning that there is only a small difference between a therapeutic dose and a toxic 

dose (Langmia et al., 2021). Therefore the risk of efavirenz-related ADRs including 

neurotoxicity, neuropsychiatric disorders and drug-induced lever disease, is high 

(Langmia et al., 2021). Nevirapine is also associated with several ADRs and studies 

have recommended a reduced dose of the drug for individuals with PM variants in 

CYP2B6 (Schipani et al., 2011). Loss of function alleles, such as the gene deletion 

identified in this study, result in reduced metabolism and thus increased exposure to 

the drug and an increased risk of ARDs (Langmia et al., 2021). Therefore, this CNV is 

extremely important to consider in an African context, where the frequency of the 

variant is relatively high and these drugs are commonly prescribed. 
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CYP2C8 is a primary metaboliser of amodiaquine, an anti-malarial drug, and paclitaxel, 

an anti-cancer drug (Spratlin and Sawyer, 2007), and it also plays a role in the 

metabolism of anti-TB drug rifampicin (Bibi, 2008; Cho et al., 2016). In this study we 

identified two small intronic deletions in CYP2C8, the first was 74 bp in size, affected 

intron 8/8 and observed at an allele frequency of 0.9% (chr10_95037827_95037901), 

and the second was 89 bp in size, affected intron 5/8 and was observed at an allele 

frequency of 10.5% (chr10_95049857_95049947). The second CNV was common to 

all studied SSA regions. As mutations in introns do not affect the sequence of a protein 

itself, these variants are often ignored when assessing pathogenic variation (Rigau et 

al., 2019). However, introns have been shown to play an important role in gene 

expression and studies have shown that intronic deletions can be associated with both 

increased or decreased expression of the affected gene (Rigau et al., 2019). Using 

paclitaxel as an example, individuals who have reduced-activity variants in CYP2C8 

show slower clearance of the drug and are therefore at an increased risk of paclitaxel-

induced ADRs (Marcath et al., 2019). The same phenotype may be observed with 

reduced gene expression as a result of an intronic deletion. Therefore, the functional 

impact of these intronic deletions need to be further evaluated in order to assess 

whether these variants, particularly the high frequency variant, are important to 

consider in a pharmacogenetic context. 

 

CYP2C9 is involved in the metabolism of several drugs and is considered as the most 

important gene in the metabolism of anticoagulant drug, warfarin (Takahashi and 

Echizen, 2003). It also plays a major role in the metabolism of fluvastatin and 

rosuvastatin, which are both lipid-lowering drugs (Scripture and Pieper, 2001; Olsson, 

McTaggart and Raza, 2002; Yan et al., 2018). Furthermore, CYP2C9 is primarily 

involved in the metabolism of anticancer drug, tamoxifen (Cronin-Fenton, Damkier and 

Lash, 2014). This gene is a major contributor to the metabolism of anti-malarial drug, 

chloroquine and also contributes in a minor way to the metabolism of efavirenz (ARV), 

mefloquine (anti-malaria drug) and lumefantrine (anti-malaria drug) (Abdullahi et al., 

2020). Lastly, CYP2C9 plays a role in the metabolism of anti-TB drug rifampicin (Bibi, 

2008; Cho et al., 2016). In this study we identified a large duplication 

(chr10_94930837_95095275) that spanned CYP2C8 and CYP2C9 resulting in the 

transcript amplification of both genes. This duplication was observed at a frequency of 

0.05%. While rare, this variant may have significant pharmacogenomic impacts for the 

individuals carrying it, as increased activity of these genes may require a higher dose 
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of the above-mentioned drugs in order to achieve therapeutic levels, or a reduced dose 

in the case of prodrugs. Additionally, a small, intronic CNV was identified in CYP2C9. 

This CNV was 51 bp in size, involved the deletion on intron 5/8 of the gene and was 

observed at an allele frequency of 0.2% (chr10_94954059_94954110).  

 

CYP2C19 is a contributor to the metabolism of lumefantrine, chloroquine and 

mefloquine, all of which are anti-malarial drugs, as well as anti-cancer drug tamoxifen 

(Cronin-Fenton, Damkier and Lash, 2014). A deletion (chr10_94816714_94825877) of 

the coding and intronic region of this gene (exon 6/9 and introns 5-6/9) was identified 

at an allele frequency of 0.050%. Exonic deletions within CYP2C19 have been 

reported at a similar allele frequency of 0.037% in DGV (Botton et al., 2019). 

 

CYP3A4 plays a role in the metabolism of several drugs used in the treatment of 

various common diseases in SSA. This gene plays a key role in the metabolism of 

nevirapine, ritonavir and lopinavir as well as a minor role in the metabolism of efavirenz 

(Ciccacci et al., 2017) which are all used in the treatment of HIV/AIDS. Additionally, it 

is predominantly involved in the metabolism of tamoxifen (Cronin-Fenton, Damkier and 

Lash, 2014), paclitaxel (Spratlin and Sawyer, 2007) and docetaxel (Kenmotsu and 

Tanigawara, 2015) which are all anti-cancer drugs, as well as atorvastatin, a lipid-

lowering drug (Korhonova, Doricakova and Dvorak, 2015; Yan et al., 2018). CYP3A4 

is also predominantly responsible for the metabolism of anti-malarial drugs artemether, 

artesunate, lumefantrine, mefloquine, quinine and chloroquine and is a contributor to 

the metabolism of amodiaquine, also an anti-malarial drug (Navaratnam et al., 2000; 

Ali et al., 2010; Zhou et al., 2019; Abdullahi et al., 2020). Lastly, CYP3A4 plays a role 

in the metabolism of anti-TB drug rifampicin (Bibi, 2008; Cho et al., 2016). In this study 

we identified a full gene deletion (chr7_99738730_99787675) that spanned the entirety 

of CYP3A4. This heterozygous transcript ablation CNV was identified at an allele 

frequency of 0.3% and was only seen in individuals from west Africa. Deletions of this 

genes have not been previously reported, with the exception of the identification of an 

exonic deletion within the gene in a Colombian individual (AF = 0.4%) using MLPA 

(Ramírez et al., 2019). This is an important CNV to consider in an African context due 

to the large number of important drugs that are metabolised by CYP3A4 and the fact 

that a full gene deletion may have significant impacts on drug efficacy and toxicity.  
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CYP3A5 is a major contributor in the metabolism of ritonavir and lopinavir (Bains, 2013; 

Dandara et al., 2014) and provides minor contributions to the metabolism of efavirenz 

and nevaripine (Ciccacci et al., 2017), all of which are ARVs. In terms of the anti-

malarial drugs, CYP3A5 is a primary metaboliser for chloroquine, quinine, artemether, 

artesunate and lumefantrine (Navaratnam et al., 2000; Ali et al., 2010; Zhou et al., 

2019; Abdullahi et al., 2020). CYP3A5 also plays a role in the metabolism of anti-TB 

drug rifampicin (Bibi, 2008; Cho et al., 2016). In this study we identified an 8 kb coding 

and intronic sequence deletion in CYP3A5 (exons 11–12/13 and introns 10–12/12) 

with an allele frequency of 0.05% (chr7_99648651_99657137). Deletions within this 

gene were reported at a frequency of 0.02% in African populations by Santos and 

colleagues (Santos et al., 2017). 

  

Lastly, CYP2E1 is involved in the metabolism of isoniazid, an anti-TB drug (Brito et al., 

2014; Wang et al., 2016). In this study we identified a full gene duplication 

(chr10_133428994_133573823) at an allele frequency of 9.6%, as well as a small 

(61 bp), partial gene deletion involving intron 1/10 (chr10_133523672_133523734). 

Both of these CNVs were observed in individuals from west, central, east and southern 

Africa. The duplication of CYP2E1 has been previously reported at a lower allele 

frequency of 1.7% in European patients (Tremmel et al., 2016). A common ADR 

associated with isoniazid is isoniazid-induced hepatotoxicity (IIH) and mutations that 

have been found to enhance CYP2E1 enzyme activity have been linked to an 

increased risk of IIH. Therefore, a full gene deletion may have a similar impact, 

warranting further investigation of this CNV due to the high frequency at which it is 

observed across SSA and the common use of this drug. 

 

GSTs 

GSTM1 and GSTT1 are minor contributors to the metabolism of nevaripine (ARV) and 

are major contributors to the metabolism isoniazid (anti-TB drug) (Brito et al., 2014; 

Wang et al., 2016). Although not the primary metabolisers, these genes can catalyse 

one of the reactions in the breakdown of cisplatin and oxaliplatin, both of which are 

anti-cancer drugs (Allocati et al., 2018). The GSTs also play a role in the metabolism 

of anti-TB drug rifampicin (Bibi, 2008; Cho et al., 2016). Previous studies have shown 

that >27% of individuals are homozygous for GSTM1 gene deletions and >37% of 

individuals are homozygous for GSTT1 gene deletions (Garte et al., 2001; Piacentini 
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et al., 2011).  In this study CNVs in GSTT1 were excluded as this gene is overlapped 

by an alternate contig. We did identify a full gene deletion 

(chr1_109676376_109694830) of GSTM1 which was observed in individuals from 

west, central, east and southern Africa; however, the frequency was significantly lower 

than previously reported (2.5%). GSTM1 gene duplications have been shown to be 

rare (He, Hoskins and McLeod, 2011), and no GSTM1 duplications were identified. 

 

UGTs 

UGT1A9 and UGT2B7 play a role in the metabolism of artemether and artesunate 

(anti-malarial drugs) (Ilett et al., 2002; Zang et al., 2014) and UGT2B7 also contributes 

to the metabolism of efavirenz (ARV) (Bains, 2013; Dandara et al., 2014; Elliot, 

Mahungu and Owen, 2017). Nine CNVs were identified in UGT1A9, seven of which 

were intronic CNVs. The remaining two CNVs included a deletion 

(chr2_233625549_233677835) and duplication (chr2_233625826_233678276) of a 

similar region of the gene (exon 1/5, intron 1/4 and the 5’UTR) which were observed 

at an allele frequency of 1.7% and 0.2% respectively. Exonic deletions and duplications 

in this gene have been reported at frequencies of 0.1% and 0.01% in African 

populations respectively (Santos et al., 2017). No CNVs were identified in UGT2B7. 

 

CNVs within UGT2B28 have been previously reported in individuals of European 

descent at a frequency of 28.7% (Tremmel et al., 2020). In this study we identified a 

full gene deletion of UGT2B28 at an allele frequency of 33.8%. This CNV was observed 

in individuals from west, central, east and southern Africa. We also identified a partial 

gene deletion that affected 60.6% of the gene (exons 3-6/6, introns 2-5/5 as well as 

the 3’ UTR) which was observed at an allele frequency of 6.8%.  

 

Other genes 

SULT1A1 is responsible for the conversion of tamoxifen metabolites into excretable 

forms (Cronin-Fenton, Damkier and Lash, 2014). Deletions of SULT1A1 have been 

observed across multiple populations, with frequencies in African American 

populations being reported at 3.3% (Vijzelaar et al., 2018). SULT1A1 gene duplications 

are far more common and have been observed at a frequency of 60.9% in African 

American individuals (Gaedigk and Leeder, 2012; Vijzelaar et al., 2018). In this study 

a deletion (chr16_28597983_28610977) affecting the majority of the gene (exons, 
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introns, 5’ UTR and 3’UTR) was identified at an allele frequency of 3.3% in the studied 

populations. A duplication (chr16_28598180_28611297) of a very similar region was 

also identified and was observed at a frequency of 16.2%, which is lower than 

previously reported. Both the deletion and duplication were observed in individuals 

from west, central, east and southern Africa. 

 

Lastly, most ARVs are transported by ABCB1 and ABCC2 and variations within these 

transporter genes can influence the safety and efficacy of the drugs they transport (Kis 

et al., 2016). No CNVs were identified in ABCB1, while two intronic CNVs, a deletion 

(chr10_99814206_99814270) and duplication (chr10_99801858_99802084), were 

identified in ABCC2, both of which were observed in individuals from west, central, 

east and southern Africa. 

 

Unfortunately, there are a number of important core ADME genes that are located in 

regions overlapped by alternate contigs. These include, but are not limited to, CYP2D6, 

GSTT1, UGT2B15 and UGT2B17. Even though CNVs did occur within these genes, 

the calls could not be included with confidence due to quality control issues with the 

BAM files. 

 

2.4.5 Conclusions  

This work has illustrated the difficulties associated with accurately calling CNVs from 

short-read data, and how variable the results from different tools can be. The intrinsic 

limitations of calling CNVs from short-read sequencing data can only be overcome by 

other sequencing technologies or calling approaches (Coutelier et al., 2021). In the 

following chapter, a long-read sequencing approach has been used in order to validate 

the CNVs identified in this chapter, gain a deeper understanding of the CNV landscape 

and determine whether long-read sequencing is required for accurate CNV calling.  

 

Nevertheless, this study has shown that CNV is an additional and important source of 

genetic variability within ADME genes that has significant implications for drug 

response and precision therapy. In this study we identified a large number of CNVs 

within ADME genes, many of which had predicted functional impacts. Additionally, 

many of the CNVs were classified as novel, and several were validated across multiple 

tools. The CNV landscape within ADME genes was found to be diverse across Africa, 



 98 

with many variants unique to certain populations, suggesting that no one African 

population can be used as a proxy for other African populations. However, several of 

the CNVs identified were common to all SSA regions and had potential functional 

impacts that warrant further investigation. While a large proportion of the CNVs were 

common and thus may be useful for the application of precision public health, rare 

variants with potential deleterious impacts are also important to consider for individual-

level precision medicine. Due to the disproportionally high prevalence of disease in 

SSA, a large proportion of the population are reliant on medication for treatment. By 

focussing on the drugs most commonly used for the treatment of highly prevalent 

diseases in the region, we were able to identify several CNVs that are potentially 

important in an African context. Further investigation of these CNVs is required in order 

to more thoroughly assess their impact, after which they may be useful to include in 

future pharmacogenomic tests in order to increase the efficacy of drugs and reduce 

ADRs, thus providing patients with the best possible treatment outcomes. Overall, this 

work reinforces the need to consider the unique CNV landscape in African populations 

when informing safety, efficacy and accurate dosages in Africa. A paper based on this 

work is currently being drafted to submit for publication and the results will be made 

available in a suitable database. 
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3. CHAPTER 3: VALIDATION OF SHORT-READ CNVS USING A LONG-READ 

SEQUENCING APPROACH 

 

3.1 Introduction 

In recent years, various studies have uncovered the important role that structural 

variation (SV) plays in the human genome. However, our understanding of SV, 

including copy number variants (CNVs), has been limited by the available technology 

(Sedlazeck et al., 2018). The majority of studies on CNV have made use of short-read 

sequencing technologies, which produce reads that are on average 200 bp in length 

(Sedlazeck et al., 2018; Hon et al., 2020). When these short reads are aligned to the 

reference genome, incomplete assemblies with sequence gaps are produced 

(Figure 3.1). This has been shown to be problematic for SV calling, and the results 

obtained from short-read sequencing data suffer from low sensitivity (30-70%) and high 

false discovery rates, as high as 85% (Sedlazeck et al., 2018).   

 

Figure 3.1: Comparison of short-read and Pacific Biosciences (PacBio) HiFi 

sequencing approaches (PacBio, 2020). 

 

Recently, PacBio has developed an approach that makes use of multiple pass circular 

consensus sequencing of individual molecules, producing highly-accurate long reads 

(High Fidelity (HiFi) reads) (Wenger et al., 2019).  
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Figure 3.2: Flowchart of the PacBio HiFi sequencing approach (Wenger et al. 2019, 

licensed under Creative Commons CC BY 4.0 https://creativecommons.org/licenses/

by/4.0/. No changes have been made to the figure content).   

 

The process of HiFi sequencing is as follows (Figure 3.2): Following DNA isolation, a 

SMRTBell library is generated by ligating adaptors to each end of double-stranded 

DNA creating a circular template called a linear SMRTBell template. Primer and 

polymerase are added to the library, and after the sequencing primer has annealed, 

the polymerase can bind to the template. The library is then loaded onto the instrument 

for sequencing. The main component of this approach is the single-molecule real-time 

(SMRT) cell, which contains millions of cells called zero-mode wave guides (ZMWs). 

A single molecule of DNA is immobilized in each ZMW. The sequencing polymerase 

https://creativecommons.org/licenses/by/4.0/
https://creativecommons.org/licenses/by/4.0/
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has strand-displacing capabilities, and will open the linear SMRTBell template, to form 

a circular structure. As the polymerase incorporates labelled nucleotides, light is 

emitted, and with this approach, nucleotide incorporation is measured in real-time. The 

polymerase incorporates labelled nucleotides in a rolling-circle manner, which enables 

the sequencing of both the forward and reverse strands and will continue sequencing 

around the SMRTBell template until the sequencing run ends. With every pass around 

the template, a consensus can be generated, and as any sequencing errors are 

randomly distributed, they become diluted by increasing passes around the circular 

template. While previous long-read technologies have been error-prone, this approach 

has significantly increased the accuracy of the reads generated. 

 

This sequencing approach produces reads that are 10–25 kb in length on average, 

with accuracies greater than 99.5% (Hon et al., 2020). When these long reads are 

aligned, they create overlaps that allow for the generation of complete genome 

assemblies (Figure 3.1). This, in combination with the fact that long reads have the 

ability to span entire SVs, make this approach considerably more accurate for SV 

calling. Wenger and colleagues showed that HiFi sequencing exceeded the ability of 

short-read sequencing approaches to detect SVs, and obtained 96.13% precision and 

95.99% recall for deletions and duplications using this sequencing approach, in 

combination with pbsv for SV calling. (Wenger et al., 2019).  

 

It has been shown that using a long-read sequencing approach increases the number 

of SVs detected. For example, the 1000 Genomes Project (1KGP) reported 69 000 

SVs based on the analysis of 2 504 short-read whole genome sequences (Ebert et al., 

2021). However, a recent study that made use of PacBio long-read sequencing, in 

combination with single-cell DNA template strand sequencing (Strand-seq), on only 32 

samples identified 107 126 SVs, which more than tripled the rate of discovery when 

compared with short-read SV analysis on the same samples (Ebert et al., 2021). 

Furthermore, recent SV studies making use of thousands of short-read sequences 

have reported the number of SVs per sample to be between 5 000 and 10 000 (Abel 

et al., 2020; Collins et al., 2020). On the other hand, long-read approaches have 

identified between 23 000 and 28 000 SVs per sample (Ebert et al., 2021). The 

predominant increase in the number of variants identified using long-read approaches 

can be attributed to small SVs (< 250 bp in length) (Ebert et al., 2021).  
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The aims of the following work are to use PacBio long-read sequencing to: 

(i)  validate the CNVs called from short-read sequence data; 

(ii)  gain a deeper understanding of the CNV landscape; and  

(iii)  assess whether short-read sequencing is adequate for accurate CNV calls, or 

whether long-read sequencing is required. 
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3.2 Materials and Methods 

3.2.1 Study participants 

Eight samples, obtained from South African individuals enrolled in the AWI-Gen study 

(Ramsay et al., 2016), were selected for whole-genome long-read sequencing. The 

samples were chosen based on self-reported ethno-linguistic categories in order to 

sample individuals from different South Eastern Bantu-speaking groups, as well as 

availability of DNA.  A minimum of 15 μg of DNA was required for sequencing, therefore 

samples were chosen based on the availability of DNA samples with adequate 

amounts of DNA available. The breakdown of self-reported ethno-linguistic categories 

were as follows: Tsonga (AB0330 and AB2543); Tswana (CVN0L and DFX0S); Venda 

(AJK0F and DEC0V) and Xhosa (CFF0X and CWF0F). 

 

3.2.2 HiFi sequencing 

HiFi sequencing was performed by Inqaba Biotech using the following protocol. (1) 

gDNA quality control: the gDNA quality was assessed on the TapeStation using 

Genomic DNA ScreenTape and the gDNA was quantified on the Qubit using the Qubit 

HS dsDNA Assay kit. (2) gDNA Shearing and Library preparation: gDNA was 

sheared to ~10–15 kb fragments using g-TUBEs from Covaris. The samples were 

purified with AMPure PB beads (for size selection) and were quantified and assessed 

on the TapeStation. The HiFi sequencing library was prepared using the ‘PacBio HiFi 

SMRTBell Libraries using SMRTBell Express Template Prep Kit 2.0’ as per the 

standard protocol: https://www.pacb.com/wp-content/uploads/Procedure-Checklist-

Preparing-HiFi-SMRTbell-Libraries-using-SMRTbell-Express-Template-Prep-Kit-

2.0.pdf. (3) Library quality control: The quality of the HiFi SMRTBell library was 

assessed using the TapeStation and quantified using the Qubit. (4) Sequencing: 

‘Sample Setup’ and ‘Run Design’ were performed using SMRTLink software (v10.1) 

and subsequent sequencing was performed on the PacBio Sequel IIe system using 

SMRT Cells 8M. Each sample was sequenced on two SMRT Cells, with the exception 

of CFF0X which was sequenced on an additional SMRT Cell, as the original quality 

was unsatisfactory. 

 

 

 

https://www.pacb.com/wp-content/uploads/Procedure-Checklist-Preparing-HiFi-SMRTbell-Libraries-using-SMRTbell-Express-Template-Prep-Kit-2.0.pdf
https://www.pacb.com/wp-content/uploads/Procedure-Checklist-Preparing-HiFi-SMRTbell-Libraries-using-SMRTbell-Express-Template-Prep-Kit-2.0.pdf
https://www.pacb.com/wp-content/uploads/Procedure-Checklist-Preparing-HiFi-SMRTbell-Libraries-using-SMRTbell-Express-Template-Prep-Kit-2.0.pdf
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3.2.3 Data analysis  

 

Generation of BAM files and SV calling  

BAM files were generated by aligning the fastq files containing the HiFi reads to the 

GRCh38 reference genome. This step was performed using pbmm2 (v1.7.0; 

https://github.com/PacificBiosciences/pbmm2) with default parameters. While several 

tools are available for SV calling from long-read sequencing data, a recent study found 

that pbsv defines SVs most accurately across all datasets and since it is designed for 

PacBio data, it performs the best on this type data (Dierckxsens et al., 2020). Following 

generation of the BAM files, pbsv discover (v2.6.2; https://github.com/ 

PacificBiosciences/pbsv) was run with default parameters to produce files containing 

SV signatures (.svsig files). These files were passed to pbsv call (v2.6.2; 

https://github.com/ PacificBiosciences/pbsv) which called SVs from the SV signatures 

using default parameters. The Nextflow script which was used to generate the BAM 

files and run pbsv, along with the accompanying configuration file, can be seen in the 

GitHub repository (https://github.com/lauracottino/PhD_Thesis/blob/main/Chapter%2

03%20scripts/run_pbmm2_pbsv.nf and https://github.com/lauracottino/PhD_Thesis/bl

ob/main/Chapter%203%20scripts/run_pbmm2_pbsv.config). Additionally, pbsv call 

was also used to call structural variants jointly for all samples of interest, and variant 

calls for all samples were output in a single VCF file. The bash script used for joint 

calling is also available in the GitHub repository (https://github.com/lauracottino/PhD_

Thesis/blob/main/Chapter%203%20scripts/joint_cnv_call.sh). 

 

Quality control 

Mosdepth (v0.3.2; https://github.com/brentp/mosdepth/releases/tag/v0.3.2) was used 

to calculate the coverage of the BAM files over 5 kb windows. The coverage 

information from the mosdepth files was passed to an R script which was used to 

generate coverage plots for each BAM file. 

 

As pbsv calls all SV types and we are only interested in deletions and duplications, we 

filtered the SVTYPE INFO field to include only deletions and duplications. Only variants 

that obtained a PASS for the FILTER value and those that were greater than 50 bp in 

size were included. All of the above filtering was performed using BCFtools’ view 

function (v1.10.2). Additionally, variants that were supported by fewer than five reads 

https://github.com/PacificBiosciences/pbmm2
https://github.com/%20PacificBiosciences/pbsv
https://github.com/%20PacificBiosciences/pbsv
https://github.com/%20PacificBiosciences/pbsv
https://github.com/lauracottino/PhD_Thesis/blob/main/Chapter%203%20scripts/run_pbmm2_pbsv.nf
https://github.com/lauracottino/PhD_Thesis/blob/main/Chapter%203%20scripts/run_pbmm2_pbsv.nf
https://github.com/lauracottino/PhD_Thesis/blob/main/Chapter%203%20scripts/run_pbmm2_pbsv.config
https://github.com/lauracottino/PhD_Thesis/blob/main/Chapter%203%20scripts/run_pbmm2_pbsv.config
https://github.com/lauracottino/PhD_Thesis/blob/main/Chapter%203%20scripts/joint_cnv_call.sh
https://github.com/lauracottino/PhD_Thesis/blob/main/Chapter%203%20scripts/joint_cnv_call.sh
https://github.com/brentp/mosdepth/releases/tag/v0.3.2
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(obtained from the DP field which specifies the read depth for each variant for each 

sample) were excluded from any downstream analysis. This filtering was performed 

using GATK’s (v4.1.8.1) VariantFiltration function, whereby for sites where the read 

depth was less than five, a ‘DP-FAIL’ tag was added and the genotype was set to no 

call (./.). Following this, GATK’s (v4.1.8.1) SelectVariants function was used to exclude 

non-variant sites (i.e. those sites that have no genotype (./.) or only 0/0 genotypes 

across all samples). 

 

CNV annotation 

Basic Linux commands as well as VCF manipulating tools such as BCFtools (v1.10.2) 

and VCFtools (v0.1.16) were used for data analysis. Ensembl’s Variant Effect Predictor 

(VEP) (v104) (Howe et al., 2021) was used to determine which genes were overlapped 

by CNVs, as well as to assess the functional consequences of the CNVs. Variants 

were compared to those in the Database of Genomic Variation (DGV) using BEDTools 

intersect (v2.27.1) in order to determine whether they had been previously identified 

by other studies or whether they were novel. The CNVs identified using long-read 

sequencing were compared to those identified using a short-read sequencing 

approach in Chapter 2 using BEDTools intersect (v2.27.1) with 50% reciprocal overlap. 

A file containing the number of variants per sample was generated using Genome 

STRiP’s (svtoolkit_2.00.1918) (Handsaker et al., 2015) SVAnnotator pipeline 

(https://software.broadinstitute.org/software/genomestrip/org_broadinstitute_sv_main

_SVAnnotator.html). All graphs were plotted using Microsoft Excel (v16.54) or R Studio 

(UpSetR package) (v1.2.1335). 

 

  

https://software.broadinstitute.org/software/genomestrip/org_broadinstitute_sv_main_SVAnnotator.html
https://software.broadinstitute.org/software/genomestrip/org_broadinstitute_sv_main_SVAnnotator.html
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3.3 Results 

3.3.1 Sequencing quality 

Various metrics were used to assess the quality of the sequencing reads (Table 3.1). 

Each sample was run on two SMRT cells, with the exception of CFF0X. The overall 

quality of CFF0X was unsatisfactory, therefore, this sample was subsequently rerun 

on an additional SMRT cell. The number of HiFi reads generated per cell ranged from 

621 691 to 3 288 105, with an average of 2 038 346 HiFi reads per cell. The mean HiFi 

read length was 10 429 bp across all 17 SMRT cells, and the median read quality 

ranged from Q31 to Q39, with an average of Q35. Phred quality is a measure of the 

quality of base calling, whereby the higher the Phred score, the lower the probability 

of a base calling error and the higher the base calling accuracy. For example, a Phred 

score of Q35 indicates that the probability of an incorrect base call is 0.00031623, and 

therefore the base calling accuracy is 99.96837722%. 

 

Once the reads had been aligned to the reference genome to generate BAM files, the 

coverage of each sample was assessed. The coverage plots for each sample are 

available in Appendix B (Figure B1-10). The coverage across the genome ranged from 

10.6x to 18.8x across the eight samples. The original coverage of CFF0X was only 

4.7x (Figure B4), with just under half (49.3%) of the genome having low (less than 5x 

coverage) to no coverage. Due to the quality concerns of this sample, it was rerun on 

an additional SMRT cell, and the second BAM file generated had an average coverage 

across the genome of 5.9x (Figure B5). When the data from the three SMRT cells was 

combined, an improved coverage of 10.6x was obtained for this sample (Figure B6). 
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Table 3.1: Various quality metrics for the HiFi sequencing of eight samples.

 AB0330 AB2543 AJK0F CFF0X 

 Cell 1 Cell 2 Cell 1 Cell 2 Cell 1 Cell 2 Cell 1 Cell 2 Cell 3 

HiFi Reads 3 110 271 2 660 324 2 431 757 2 630 074 2 210 802 2 266 344 621 691 704 090 1 849 312 

HiFi Yield (bp) 32 333 707 215 28 585 735 303 24 453 710 276 25 966 477 497 23 288 102 306 23 795 805 300 7 184 915 960 7 996 128 188 18 216 002 136 

HiFi Read Length (mean, bp) 10 395 10 745 10 055 9 872 10 533 10 499 11 557 11 356 10 390 

HiFi Read Quality (median) Q36 Q32 Q37 Q37 Q31 Q32 Q35 Q34 Q33 

HiFi Number of Passes (mean) 14 14 14 15 12 12 13 13 13 

<Q20 Reads 440 231 515 419 341 919 365 115 571 361 545 745 77 097 92 556 376 887 

<Q20 Yield (bp) 4 919 700 060 5 999 243 139 3 729 737 765 3 891 851 994 6 976 358 729 6 596 423 761 967 082 484 1 150 451 981 4 092 232 270 

<Q20 Read Length (mean, bp) 11 175 11 639 10 908 10 659 12 210 12 087 12 543 12 429 10 857 

<Q20 Read Quality (median) Q16 Q16 Q16 Q16 Q16 Q16 Q16 Q16 Q16 

Coverage 18.8x 15.6x 14.5x 10.6x 

 CVN0L CWF0F DEC0V DSX0S 

 Cell 1 Cell 2 Cell 1 Cell 2 Cell 1 Cell 2 Cell 1 Cell 2 

HiFi Reads 1 367 604 1 725 426 1 650 603 1 625 965 3 288 105 2 981 630 1 712 796 1 815 085 

HiFi Yield (bp) 16 180 625 238 18 274 525 573 16 074 453 517 16 441 456 010 24 349 152 630 27 380 118 404 19 960 970 914 20 668 418 314 

HiFi Read Length (mean, bp) 11 831 10 591 9 738 10 111 7 405 9 182 11 654 11 387 

HiFi Read Quality (median) Q36 Q35 Q34 Q37 Q39 Q38 Q35 Q34 

HiFi Number of Passes (mean) 14 14 14 14 17 16 13 13 

<Q20 Reads 170 265 249 214 247 901 202 646 436 779 366 678 267 398 309 822 

<Q20 Yield (bp) 2 212 211 844 3 016 026 995 2 644 033 354 2 199 952 129 3 667 305 751 3 609 284 419 3 376 249 000 3 871 721 021 

<Q20 Read Length (mean, bp) 12 992 12 102 10 665 10 856 8 396 9 843 12 626 12 496 

<Q20 Read Quality (median) Q16 Q16 Q16 Q16 Q16 Q16 Q16 Q16 

Coverage 10.6x 10x 16x 12.5x 
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3.3.2 CNV landscape across the genome 

From the eight long-read sequences, 42 336 CNVs were identified across the genome 

of which 28 518 (67.4%) were deletions and 13 818 (32.6%) were duplications. A 

file containing these CNVs can be seen in the GitHub repository (https://github.com/l

auracottino/PhD_Thesis/blob/main/Supplementary%20Files/Long_Read_CNVs.xlsx). 

 

The number of CNVs identified per sample can be seen in Table 3.2 below. The 

greatest number of CNVs were identified in AB0330 (n = 17 153), while CFF0X 

harboured the fewest CNVs (n = 16 042).  On average, each sample harboured a total 

of 16 493 CNVs across the genome. Additionally, a number of variants were identified 

in only a  single sample (i.e. unique variants). This ranged from 1 563 in CFF0X to 

2 110 in CVN0L. The average number of unique CNVs per sample was 1 831. 

 

Table 3.2: Number of CNVs and unique CNVs identified in each sample. 

Sample Number of CNVs Number of unique CNVs 

AB0330 17 153 1 870 

AB2543 16 700 1 748 

AJK0F 16 232 1 741 

CFF0X 16 042 1 563 

CVN0L 16 096 2 110 

CWF0F 16 188 1 752 

DEV0V 17 044 1 890 

DSX0S 16 487 1 974 

 

  

https://github.com/lauracottino/PhD_Thesis/blob/main/Supplementary%20Files/Long_Read_CNVs.xlsx
https://github.com/lauracottino/PhD_Thesis/blob/main/Supplementary%20Files/Long_Read_CNVs.xlsx
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We looked at the CNV distribution across the chromosomes in order to assess whether 

specific chromosomes were more affected by CNVs than others. The number of CNVs 

identified on each chromosome and the proportion of CNVs scaled by chromosome 

length can be seen in Table 3.3 and Figure 3.3 respectively. Chromosome 2 harbours 

the highest number of CNVs (n = 3 476), while chromosome 21 harbours the fewest 

(n = 1 023) (Table 3.3). The size of the chromosome does not directly correlate with 

the number of CNVs identified on the chromosome. For example, chromosome 

7 (n = 2 820) harbours a higher proportion of CNVs compared to its larger neighbours, 

and the smallest chromosomes (16, 17, 18, 19, 20, 21 and 22) have a higher proportion 

of CNVs compared to nearly all of the larger chromosomes (Figure 3.3). 

Chromosome 14 (n = 1 127) and chromosome 15 (n = 1 061) have the smallest 

proportion of CNVs compared to the other chromosomes (Figure 3.3). Additionally, 

5 313 (12.6%) of the CNVs overlapped with regions of the genome containing 

segmental duplications.  

 

Table 3.3: Number of CNVs (deletions and duplications) on each chromosome. 

Chromosome Number of deletions Number of duplications Total number of CNVs 

chr1 2 017 913 2 930 

chr2 2 384 1 092 3 476 

chr3 1 578 678 2 256 

chr4 1 899 833 2 732 

chr5 1 648 827 2 475 

chr6 1 483 743 2 226 

chr7 1 866 954 2 820 

chr8 1 280 639 1 919 

chr9 1 170 509 1 679 

chr10 1 433 814 2 247 

chr11 1 203 560 1 763 

chr12 1 314 638 1 952 

chr13 1 204 556 1 760 

chr14 802 325 1 127 

chr15 735 326 1 061 

chr16 1 065 587 1 652 

chr17 1 127 665 1 792 

chr18 905 444 1 349 

chr19 1 044 579 1 623 

chr20 936 432 1 368 

chr21 670 353 1 023 

chr22 755 351 1 106 
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Figure 3.3: Number of deletions (blue) and duplications (orange) identified on each 

chromosome divided by chromosome length. 

 

A total of 18 157 (42.9%) of CNVs were classified as novel, based on having less than 

50% reciprocal overlap with CNVs in the DGV.  

 

The upset plot below (Figure 3.4) shows the overlap of CNVs between samples. Just 

over half (53%) of the CNVs were unique to a sample or were observed in only two of 

the eight samples. A total of 3 024 (7.1%) CNVs were observed across all eight 

individuals. Upset plots for the Tsonga samples (AB0330 and AB2543) (Figure C2); 

Tswana samples (CVN0L and DFX0S) (Figure C1); Venda samples (AJK0F and 

DEC0V) (Figure C3) and Xhosa samples (CFF0X and CWF0F) (Figure C4) can be 

seen in Appendix C. Analysis of the two Xhosa samples showed that these two 

samples shared the highest number of CNVs (40.9%). This was followed by the two 

Tsonga samples which shared 39.1% of CNVs, the two Venda samples which shared 

37.44% of CNVs and lastly the two Tswana samples which shared 35.2% of CNVs. 
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Figure 3.4: Upset plot showing the overlap between the CNVs identified in each sample.  
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3.3.3 Consequences of CNVs 

As the size of a CNV can affect the CNVs functional impact, the size distribution of the 

CNVs was assessed and has been visualised in Figure 3.5 below. The mean and 

median sizes of the CNVs were 517 bp and 134 bp respectively. The minimum size 

was 50 bp (minimum cut-off size based on CNV definition) and the maximum size was 

99 kb. Deletions were found to be larger than duplications, with an average size of 

629 bp and 284 bp respectively. The majority of CNVs (91.6%) were small CNVs 

(<1000 bp). The most common size range of CNVs was 50–100 bp (n = 16 509; 39%), 

followed by 101–200 bp (n = 10 374; 24.5%). Over 80% of the CNVs were between 

50 bp and 500 bp in size. We identified several (n = 3 577; 8.4%) large CNVs which 

were greater than 1000 bp in size, the majority of which (84%) were deletions. 

Interestingly, for the 301–400 bp size range we observed an increase in the number of 

deletions which accounted for 77% of the CNVs in that size range. 

 

 

Figure 3.5: Size distribution of deletions (blue) and duplications (orange) across the 

genome. 
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The most severe consequence of each CNV was predicted by Ensembl’s VEP and can 

be seen in Figure 3.6 below. Intronic variants were the most common (46.7%), followed 

closely by intergenic variants (39.9%). Upstream and downstream variants accounted 

for 4.9% and 4.3% of CNVs respectively. CNVs affecting various sites important for 

splicing were also identified, with 250 (0.6%) splice acceptor variants and 150 (0.4%) 

spice donor variants identified. Additionally, several CNVs affected the untranslated 

regions (UTRs), with 3’ UTR variants and 5’ UTR variants accounting for 0.5% and 

0.1% of CNVs. More severe consequences were observed at lower frequencies, 

including: transcript ablation (0.34%); coding sequence variants (0.27%); in-frame 

deletions (0.2%); transcript amplification (0.04%) and frame shift variants (0.04%). In 

total, 12 570 genes across the genome were affected by CNVs. 

 

 

Figure 3.6: Most severe consequence of CNVs as predicted by Ensembl’s VEP. 

“Other” includes splice region variants (n = 11); mature miRNA variants (n = 4); stop 

losses (n = 2) and start losses (n = 1).  
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3.3.4 Comparison to short-read CNVs 

A comparison between the CNVs identified by the short- and long-read sequencing 

approaches was performed in order to validate the CNVs identified using a short-read 

approach, as well as to assess whether short-read sequencing is sufficient for accurate 

CNV calling or whether long-read sequencing is required. While the focus of this study 

is on ADME genes, CNVs across the whole genome were assessed in this chapter. 

 

The long-read approach identified more CNVs from far fewer samples compared to the 

short-read approach (Table 3.4). A total of 42 336 CNVs were called from the long-

read sequences of only eight individuals (Table 3.4). In comparison, Genome STRiP, 

Manta and SURVIVOR called 15 658, 53 986 and 30 798 CNVs respectively from just 

under 1 000 short-read sequences (Table 3.4). Additionally, the long-read sequences 

had an average of 16 493 CNVs per sample, whereas the Genome STRiP, Manta and 

SURVIVOR datasets had an average of only 1 788, 10 554 and 4 144 CNVs per 

sample respectively (Table 3.4). Lastly, the percentage of novel CNVs detected by the 

long-read approach was again higher (42.9%) when compared to the Genome STRiP, 

Manta and SURVIVOR CNVs of which 34%, 36.3% and 32% were classified as novel 

(Table 3.4). 

 

Table 3.4: Comparison between the short-read CNVs (Genome STRiP, Manta and 

SURVIVOR dataset) and long-read CNVs (pbsv) in terms of the number of CNVs 

detected, average number of CNVs detected per sample and the percentage of novel 

CNVs detected. 

 
GenomeSTRiP 

(n = 919) 

Manta 

(n = 953) 

SURVIVOR 

(n = 953) 

pbsv 

(n=8) 

Number of CNVs 

detected 
15 658 53 986 30 798 42 336 

Average number of CNVs 

detected/sample 
1 788 10 544 4 144 16 493 

Percentage of novel 

CNVs detected 
34% 36.3% 32% 42.9% 
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CNVs called from the eight individuals for which we had long-read sequencing data 

were extracted from the short-read datasets and the CNVs were compared to the long-

read dataset to assess the overlap (Figure 3.7). When the CNVs called by Genome 

STRiP were compared to those called from the long-read data from the same eight 

individuals (based on 50% reciprocal overlap), 52.5% (n = 1 816) of the Genome 

STRiP CNVs were concordant with long-read CNVs; however, only 4.3% of the long-

read CNVs were concordant with the Genome STRiP CNVs (Figure 3.7A). Given that 

the size range of CNVs detected by Genome STRiP (1–100 kb) and pbsv (50bp–

100 kb) differed, we compared only the CNVs within the size range detected by both 

tools (1–100 kb). A total of 3 577 CNVs called from the long-read data were between 

1 kb and 100 kb in size, and the concordance between the long-read CNVs and the 

GenomeSTRiP CNVs increased from 4.3% to 50.8%.  

 

When the CNVs called by Manta were compared to those called from the long-read 

data from the same eight individuals (based on 50% reciprocal overlap), 56.9% (n = 

12 001) of the Manta CNVs were concordant with the long-read CNVs, and just over a 

quarter (28.4%) of the long-read CNVs were concordant with the Manta CNVs (Figure 

3.7B). 

 

Lastly, when the CNVs in the SURVIVOR dataset were compared to those called from 

the long-read data from the same eight individuals (based on 50% reciprocal overlap), 

56.1% (n = 7 340) of the SURVIVOR CNVs were concordant with the long-read CNVs, 

and 17.3% of the long-read CNVs were concordant with the SURVIVOR dataset 

(Figure 3.7C). 
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Figure 3.7: Overlap between CNVs called from short-read data (A) Genome STRiP; 

(B) Manta; (C) SURVIVOR and the long-read sequencing data obtained from the same 

8 individuals (based on 50% reciprocal overlap). 

 

3.3.5 CNVs in ADME genes 

Of the 42 336 CNVs identified across the genome, only 236 affected ADME genes. In 

total, 101 ADME genes were affected by these CNVs, including 21 core ADME genes 

and 80 extended ADME genes. A list of these genes can be seen in Table 3.5  below. 

 

Table 3.5: List of core (n = 21) and extended (n = 80) ADME genes affected by CNVs 

called from the long-read data. 

Gene Core/Extended 

ABCB1 Core 

ABCC2 Core 

ABCG2 Core 

CYP1A1 Core 

CYP2C8 Core 

CYP2E1 Core 

DPYD Core 

EPHX1 Core 

FMO2 Core 

FMO3 Core 

GSR Core 

GSTCD Core 

GSTM4 Core 

HNF4A Core 

HNMT Core 

HSD17B11 Core 

HSD17B14 Core 

SLC15A2 Core 

SLC22A1 Core 

1 665 1 816 

Long-read GS short-read 

40 520 

5 750 7 340 

Long-read 
SURVIVOR 
short-read 

34 996 

9 094 12 001 

Long-read Manta short-read 

30 335 

(A) (B) 

(C) 
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SLC22A2 Core 

UGT2B7 Core 

ABCA1 Extended 

ABCB11 Extended 

ABCB5 Extended 

ABCB8 Extended 

ABCC3 Extended 

ABCC4 Extended 

ABCC5 Extended 

ABCC9 Extended 

ABCG1 Extended 

ADH1B Extended 

ADH4 Extended 

ALDH1A2 Extended 

ALDH1A3 Extended 

ALDH3A1 Extended 

ALDH3A2 Extended 

ALDH3B2 Extended 

ALDH6A1 Extended 

ALDH7A1 Extended 

CBR3 Extended 

CDA Extended 

CHST2 Extended 

CHST5 Extended 

CHST8 Extended 

CHST9 Extended 

CYB5R3 Extended 

CYP19A1 Extended 

CYP2A7 Extended 

CYP2S1 Extended 

CYP39A1 Extended 

CYP3A43 Extended 

CYP4F11 Extended 

CYP4F12 Extended 

CYP4F2 Extended 

CYP4F3 Extended 

CYP4F8 Extended 

CYP7B1 Extended 

DHRS12 Extended 

DHRS4L2 Extended 

DPEP1 Extended 

NOS1 Extended 

NOS3 Extended 

PDE3A Extended 

PDE3B Extended 

PON1 Extended 

POR Extended 

PPARD Extended 

RXRA Extended 

SLC13A3 Extended 

SLC19A1 Extended 

SLC22A11 Extended 

SLC22A12 Extended 

SLC22A16 Extended 

SLC22A18 Extended 

SLC22A18AS Extended 

SLC27A1 Extended 

SLC28A1 Extended 

SLC28A2 Extended 

SLC2A5 Extended 

SLC7A5 Extended 

SLCO1C1 Extended 

SLCO2A1 Extended 

SLCO3A1 Extended 

SLCO4A1 Extended 

SOD2 Extended 

SULF1 Extended 

SULT1A2 Extended 

SULT1B1 Extended 

SULT2B1 Extended 

SULT4A1 Extended 

UGT1A10 Extended 

UGT1A3 Extended 

UGT1A4 Extended 

UGT1A5 Extended 

UGT1A6 Extended 

UGT1A7 Extended 

UGT1A8 Extended 

UGT1A9 Extended 

UGT2A1 Extended 

UGT2B28 Extended 

XDH Extended 
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3.4 Discussion 

While short-read sequencing approaches are well suited for the detection of single 

nucleotide variants (SNVs) and small insertions and deletions (INDELs), they do not 

perform as well for the detection of SVs, including CNVs (Mahmoud et al., 2019). The 

development of long-read sequencing in recent years has led to several improvements 

in SV calling, with long-read methods for SV calling performing better when compared 

to short-read methods (Mahmoud et al., 2019). In this study, data from eight long-read 

whole genome sequences (WGSs) was generated with the aim of validating the CNVs 

called from short-read sequence data, as well as to gain a deeper understanding of 

the CNV landscape due to the benefits that this approach provided.  

 

In total 42 336 CNVs were called from the long-read sequences, the majority (67.4%) 

of which were deletions. The relationship between the number of CNVs identified on a 

chromosome and the size of the chromosome was shown to be non-linear. For 

example, chromosome 19 had a greater proportion of CNVs when scaled by 

chromosome length compared to all of the larger chromosomes. This has been seen 

in previous studies and can be explained by differences in the genomic structure of the 

chromosomes (De Smith et al., 2009). For example, chromosome 19 contains a large 

proportion of segmental duplications which may result in an increased presence of 

CNVs on this chromosome compared to other larger chromosomes (Grimwood et al., 

2004; De Smith et al., 2009). The majority of CNVs were small (< 1000 bp), with only 

8.4% of CNVs being greater than 1 kb in length. This may be due to the fact that long-

read approaches call CNVs predominantly based on sequencing information, rather 

than read depth (Zhao et al., 2021). The advantage of a depth-based approach is the 

ability to detect large CNVs (Glusman et al., 2015). Therefore, the lack of depth-based 

approaches for long-read sequencing data limits the size of CNVs that can accurately 

be detected (Zhao et al., 2021).  

 

In terms of functional impact, intragenic CNVs (60.1%) were more common than 

intergenic CNVs (39.9%). This is contradictory to other studies that have shown that 

intergenic regions are more enriched for CNVs compared to intragenic regions due to 

negative selection of CNVs within genes (Rigau et al., 2019). However, this may be 

explained by the fact that intergenic CNVs are on average greater in length compared 

to intragenic CNVs (Zhang et al., 2021) and as the long-read approach was able to 
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detect mostly small CNVs (< 1 000bp), the large CNVs that occur more frequently in 

intergenic regions may not have been detected. Of the intragenic CNVs, intronic 

variants were the most common (46.7%), and variants resulting in more deleterious 

predicted consequences, such as transcript ablation and amplification, coding 

sequence variants and frame shift variants, were observed at very low frequencies 

(< 1%). This may be due to negative selection of deleterious variants. 

 

When comparing the CNVs called across the eight individuals, ~7% of the CNVs were 

observed across all samples. The identification of these CNVs across all of the 

samples is strong evidence of these CNVs being at a very high frequency or fixed in 

southern African populations. Almost half of the CNVs were unique to an individual or 

seen in only two individuals, and on average each sample contained 1 813 unique 

CNVs. When comparing the data from the two individuals of each self-identified 

ethnolinguistic group, they only shared a maximum of 40% of the same CNVs. Even 

though we only had data from two individuals representative of an ethnolinguistic 

group, these results speak to the diversity of CNVs between different individuals, even 

those originating from the same country and self-identified ethnolinguistic group. 

Future sequencing of more individuals will likely lead to the identification of additional 

CNVs as was seen by Ebert and colleagues, where the number of SVs increased as 

the number of sequences increased, and this increase was even more significant when 

samples from individuals of African descent were added (Ebert et al., 2021). 

 

Recent studies have shown that SV calling from long-read sequencing data increases 

the number of SVs detected. A study performed by Ebert and colleagues used PacBio 

long-read sequencing, in combination with Strand-seq, on 32 samples and a total of 

107 126 SVs were identified (Ebert et al., 2021). This more than tripled the rate of 

discovery when they compared these results to short-read SV analysis on the same 

samples (Ebert et al., 2021). The number of SVs identified per sample has also been 

increased by the use of long-read sequencing, with Ebert and colleagues identifying 

23 000–28 000 SVs per sample (Ebert et al., 2021). We found similar findings in this 

study, with the long-read sequencing approach identifying more CNVs from far fewer 

samples, compared to the short-read sequencing approach. We identified 42 336 

CNVs from only eight long-read sequences compared to between ~15 000 and 

~50 000 CNVs using different calling approaches, from just under 1 000 short-read 

sequences. We also observed an increase in the number of CNVs called per sample, 
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with average of 16 493 CNVs per sample for the long-read sequencing data compared 

to between ~1 700 and ~ 10 000 CNVs per sample for the short-read sequencing 

approaches.  

 

The percentage of novel CNVs detected by the long-read approach was higher 

(42.9%) when compared to the CNVs called by Genome STRiP, Manta and 

SURVIVOR, of which 34%, 36.3% and 32% respectively were classified as novel. The 

higher proportion of novel CNVs identified by the long-read approach may be attributed 

to the fact that a large proportion (39%) of the CNVs called using this approach were 

very small (< 100 bp). This size range (50–100 bp) of CNVs has not been as well 

studied and is underrepresented in databases such as the DGV.  

 

When focusing on the eight samples with matching short- and long-read sequence 

data, approximately half of the CNVs detected from the short-read approaches were 

concordant with long-read data. However, the percentage of long-read CNVs that were 

concordant with short-read CNVs ranged from only 4.3% to 28.4% depending on the 

CNV calling tool used. The concordance between the long-read CNVs and the 

Genome STRiP CNVs did increase from 4.3% to 50.8% when comparing CNVs that 

fell within the size range detected by both tools. Ebert and colleagues (note that they 

assessed all SVs, while we only assessed deletions and duplications) found that 77.4% 

of SVs detected from the short-read sequences were concordant with long-read 

variants. This is higher than what we observed in our current study. They also observed 

that only 29.6% of long-read SVs were observed in the short-read dataset, which is 

similar to results obtained from our study. Lastly, Ebert and colleagues found that the 

greatest gains in sensitivity from the long-read approach were observed among smaller 

SVs, which was replicated in this study, with ~40% of the CNVs ranging in size from 

50 to 100 bp in length, and over 80% of the CNVs being smaller than 500 bp in length 

(Ebert et al., 2021). 

 

The results of this study show that long-read sequencing is required for more accurate 

and comprehensive CNV calling, particularly for small CNVs. However, this does not 

mean that it should completely replace the use of short-read sequencing for CNV 

calling. Ebert and colleagues found that for larger variants, a short-read sequencing 

approach works fairly well; however, for smaller variants (50-300 bp) there is almost 

an order of magnitude difference between long-read and short-read call sets (Ebert et 
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al., 2021). In the future, NGS-based CNV calling will most probably rely on a 

combination of short- and long-read sequencing approaches (Gabrielaite et al., 2021). 

However, cost and throughput are the main factors that limit the number of genomes 

being sequenced using a long-read approach (Huddleston et al., 2017). Unfortunately 

the current cost of long-read sequencing is significantly more than that of short-read 

sequencing (Zhao et al., 2021). Additionally, the long-read sequencing approaches 

have a comparatively lower throughput compared to short-read approaches which can 

be used on hundreds of thousands of samples in a single study, making long-read 

sequencing currently impractical for large-scale population studies (Zhao et al., 2021). 

A potential solution to cost and throughput issues mentioned above, is calling CNVs 

from genotyping data that has previously been generated for genome wide association 

studies (GWAS). In the following chapter, this approach will be explored. 

 

To the best of our knowledge, we have generated one of the first sets of long-read 

whole-genome sequences from African individuals. This approach allowed for the 

detection of over 40 000 CNVs across the genome, which not only validated many of 

the CNVs detected from the short-read approach but also allowed us to gain a deeper 

understanding of the CNV landscape in southern African populations. Using a long-

read sequencing approach, a greater percentage of novel CNVs were identified, and 

many very small CNVs, that have not been well studied previously, were identified. 

Additionally, we identified a large number of CNVs that were common across all eight 

study participants, which suggests that these CNVs are present at very high 

frequencies in southern African populations. However, there were also a large 

proportion of variants that were unique to each individual suggesting that there is a 

large amount of inter-individual variation, even between individuals of the same self-

identified ethnolinguistic group. Overall, the use of a long-read sequencing approach 

has provided invaluable insights into the CNV landscape, and sequencing of additional 

samples will further improve our knowledge thereof.  
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4. CHAPTER 4: AN ASSESSMENT OF THE UTILITY OF THE INFINIUM H3AFRICA 

CONSORTIUM ARRAY V2 TO CALL CNVS 

 

4.1 Introduction 

A variety of technologies can be used to detect copy number variants (CNVs), including 

next-generation sequencing (NGS) approaches such as short- and long-read whole 

genome sequencing, as discussed in previous chapters, as well as genome-wide 

single nucleotide polymorphism (SNP) arrays. The high-throughput, high density 

genotyping arrays that are used in genome-wide association studies (GWAS) have 

been increasingly used for the detection of CNVs (Carter, 2007; Lin, Naj and Wang, 

2013). Although originally developed in order to determine the bases present at certain 

SNPs, the signal intensity information derived from these arrays can be used to detect 

CNVs (Carter, 2007). As millions of individuals have already been genotyped on such 

arrays, a wealth of unexploited information remains available in this data which could 

be reanalysed for CNV detection (Macé et al., 2016). 

 

A limitation of using these arrays for CNV detection is the lower level of reliability that 

is achieved as they were not initially designed for CNV detection (Macé et al., 2016). 

However, some of the newer arrays have included several CNV probes (Macé et al., 

2016). In spite of this limitation, several tools have been developed for the detection of 

CNVs from genotyping arrays, with tools either being based on individual-wise analysis 

or joint analysis of multiple individuals (Zhang et al., 2019). In this study we made use 

of PennCNV (Wang et al., 2007) which is currently the most widely used software for 

CNV detection from Illumina arrays (Macé et al., 2016). PennCNV implements a 

hidden Markov model (HMM) that integrates multiple sources of information generated 

by genotyping arrays to call CNVs from individual samples (Wang et al., 2007). The 

log R ratio (LRR) and B-allele frequency (BAF) information from each probe is used to 

determine the copy number (CN) (Wang et al., 2007; Macé et al., 2016), and additional 

information, such as population frequencies at each locus and linkage-disequilibrium 

(LD) structure between adjacent loci, is used to improve the quality of the CNV calls 

(Wang et al., 2007; Zhang et al., 2019). In general, individual-wise approaches are 

successful in detecting large, rare CNVs spanning at least ten probes on a SNP array 

(Zhang et al., 2019). However, as these methods are reliant on the assumption that 

allele intensities are properly normalized, this type of analysis can be error-prone and 
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strict quality control of the CNV calls is required (Macé et al., 2016; Zhang et al., 2019). 

Moreover, comparing CNVs between different individuals can be difficult as the 

individual-level CNV calls are often uniform across individuals (Zhang et al., 2019).  

 

The Human Heredity and Health in Africa (H3Africa) Consortium Array is a powerful 

Illumina array designed using novel African content, making it the most effective array 

to date for the study of African populations. Relevant to this study, the array includes 

24 168 probes within core and extended ADME genes. However, this is a general 

purpose array, and is not specifically designed for CNV detection. Therefore, the aim 

of this chapter is to determine which CNVs can be called from the Infinium H3Africa 

Consortium Array v2, thus allowing for the assessment of the utility of the array to call 

CNV’s. 

 

An alternative approach to detect CNVs in tagging. CNVs that have previously been 

detected, from sequencing approaches for example, can be tested for associations 

with SNP haplotypes. In this way a SNP haplotype that tags a CNV can be used to 

predict the presence or absence of a CNV, as well as predict the likely CN of the CNV, 

without the need to perform any CNV calling (Nyangiri et al., 2020). Siwada (2020)1 

investigated this approach for CNVs in ADME genes and found that less than a quarter 

of the ADME CNVs identified were tagged and thus could be predicted using the 

Infinium H3Africa Consortium Array v2 (Siwada, 2020). As the yield was relatively 

small, in combination with the fact that the majority of CNVs in core ADME genes were 

not tagged, this was not investigated further in this study.  

 

 

 

 

  

 
1 Honours student in the Division of Human Genetics, under my supervision. 
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4.2 Materials and Methods 

4.2.1 Study participants 

The genotyping data used in this analysis was obtained from the H3Africa AWI-Gen 

project (Ramsay et al., 2016). All individuals were genotyped on Illumina’s Infinium 

H3Africa Consortium Array v2. The genotyping data from 10 857 individuals was used 

in this study, consisting of 4 848 participants from South Africa, 2 079 participants from 

Burkina Faso, 1 988 participants from Ghana and 1 942 participants from Kenya. A 

map showing the locations of the participants can be seen in Figure 4.1 below. 

 

 

Figure 4.1: Map showing the locations of participants in the H3Africa AWI-Gen study. 
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4.2.2 Data analysis 

 

All of the scripts and files that were included in the PennCNV package (v 1.0.5) (Wang 

et al., 2007) and used in the following analysis can be found in the following GitHub 

repository: https://github.com/WGLab/PennCNV. 

 

PennCNV input requirements 

Illumina provides a single report containing the signal intensity values for all samples; 

however, PennCNV requires separate reports for each sample containing the LRR and 

BAF values. PennCNV provides a script (split_illumina_report.pl) which splits the 

Illumina report into files containing each sample individually. As the Illumina data used 

in this study consisted of multiple batches and the reports were split into a large number 

of smaller files, a Nextflow script was used to split the reports simultaneously. This 

script as well as the configuration file can be seen in the GitHub repository 

(https://github.com/lauracottino/PhD_Thesis/blob/main/Chapter%204%20scripts/split

_illumina_report.nf and https://github.com/lauracottino/PhD_Thesis/blob/main/Chapte

r%204%20scripts/split_illumina_report.config). In total, 10 857 signal intensity files 

were generated. The second requirement of PennCNV is a Population Frequency of 

the B allele (PFB) file. For any non-European data, such as the data used in this study, 

PennCNV requires that a PFB file be generated from the signal intensity files. 

PennCNV includes a script to generate the PFB file (compile_pfb.pl) and requires a file 

with the chromosome co-ordinates of the all the SNPs on the array as input. 

  

CNV calling with PennCNV 

CNV calling was performed using PennCNV’s detect_cnv.pl script using default 

parameters. The script required a list of the individual sample signal intensity files, the 

PFB file created above as well as an hmm file. PennCNV provides such a file 

(hhall.hmm) which is said to be suitable for all Illumina arrays. The ‘test’ option was 

used to test the HMM model to identify CNVs. The script outputs CNV calls from each 

sample in a single VCF file. Only CNVs on the 22 autosomes were assessed in this 

study due to the inaccuracy of CNV calling on the sex chromosomes. CNVs called 

from the autosomes are more reliable than those called from sex chromosomes in 

terms of size and breakpoint accuracy. Careful evaluation and additional validation 

would be require for CNVs detected on the sex chromosomes (Yao et al., 2019). 

 

https://github.com/WGLab/PennCNV
https://github.com/lauracottino/PhD_Thesis/blob/main/Chapter%204%20scripts/split_illumina_report.nf
https://github.com/lauracottino/PhD_Thesis/blob/main/Chapter%204%20scripts/split_illumina_report.nf
https://github.com/lauracottino/PhD_Thesis/blob/main/Chapter%204%20scripts/split_illumina_report.config
https://github.com/lauracottino/PhD_Thesis/blob/main/Chapter%204%20scripts/split_illumina_report.config
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Quality control of PennCNV data 

CNV calling tools routinely split large CNVs into smaller adjacent CNVs. PennCNV 

provides a script (clean_cnv.pl) to merge adjacent CNV calls. During this process 

1 270 180 raw CNVs were merged into 1 219 090 raw CNVs.  

 

Sample level filtering was performed using PennCNV’s filter_cnv.pl script. This script 

computed the following statistics for each sample: (1) LRR SD (standard deviation of 

LRRs); (2) BAF drift (measuring departure of the BAF from the expected values); (3) 

WF (waviness factor, the amount of dispersion in signal intensity, which is a good 

indicator for DNA quality after accounting for GC content); and (4) NumCNV (number 

of called CNVs). This data was then used to exclude samples based on default 

exclusion criteria: LRR SD > 0.3, BAF drift > 0.01 and WF > 0.05, whereby samples 

that meet any of the above three criteria were excluded from further analysis. 

Additionally samples with 115 or more CNVs per sample were considered outliers and 

removed. Through this filtering process, the number of raw CNVs was reduced from 

1 219 090 to 816 956. 

 

The number of SNPs spanned by each CNV was specified in the PennCNV output file 

(numsnp field). This was assessed in order to perform CNV level filtering. Generally, a 

minimum of three SNPs is used; however, Lin and colleagues suggests that a minimum 

of 10 SNPs produces results with reasonable sensitivity (Lin, Naj and Wang, 2013). 

Filtering of CNVs spanning 10 or more SNPs was performed using the filter_cnv.pl 

script with the -numsnp argument. Following filtering, a total of 396 689 raw CNVs 

remained.  

 

BEDTools (v2.27.1) was used to merge CNVs across the remaining samples. During 

this step 396 689 raw CNVs were reduced to 7 370 distinct CNVs. 

 

CNV Annotation 

Basic Linux commands were used for data analysis. CNVs identified from the array 

were compared to those called from the short- and long-read sequences using 

BEDTools intersect (v2.27.1) with 50% reciprocal overlap. The CNVs called from the 

array have build 37 co-ordinates, therefore in order to be able to compare these results 

to the short- and long-read CNVs, which have build 38 co-ordinates, lift over of the 



 137 

array CNV co-ordinates was required. Lift over was performed on UCSC’s genome 

browser (https://genome.ucsc.edu/cgi-bin/hgLiftOver). As the output of PennCNV is a 

text file and not a VCF, the text file was first converted to a BED file which in turn was 

converted to a VCF using SURVIVOR’s (v1.0.7; https://github.com/fritzsedlazeck/SU

RVIVOR/) bedtovcf function. Ensembl’s Variant Effect Predictor (VEP) (v104) (Howe 

et al., 2021) was used to determine which genes were overlapped by CNVs as well as 

to assess the consequences of the CNVs. All graphs were plotted using Microsoft 

Excel (v16.54). 

  

https://genome.ucsc.edu/cgi-bin/hgLiftOver
https://github.com/fritzsedlazeck/SURVIVOR/
https://github.com/fritzsedlazeck/SURVIVOR/
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4.3 Results 

4.3.1 Summary of array CNVs 

A total of 7 312 CNVs were identified from the genotyping array data of just over 10 000 

individuals. A file containing these CNVs can be seen in the GitHub repository 

(https://github.com/lauracottino/PhD_Thesis/blob/main/Supplementary%20Files/Arra

y_CNVs.xlsx). Figure 4.2 below shows the distribution of the array CNVs across the 

chromosomes. The vast majority of CNVs (n = 6 888; 94.2%) were rare, with a 

frequency of less than 1%. Only 4% of CNVs (n = 293) were observed at a low 

frequency (1–5%) and even fewer CNVs were common, with a frequency of greater 

than 5% (n = 131; 1.8%). Individuals harboured between 11 and 83 CNVs, with an 

average of 33 CNVs per individual. Of the 7 312 CNVs, 133 affected ADME genes. In 

total, 140 ADME genes were affected by these CNVs, including 21 core ADME genes 

and 119 extended ADME genes. A list of these genes can be seen in Table 4.1 below. 

 

 

 

Figure 4.2: Distribution of CNVs across the chromosomes. 
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Table 4.1: List of core (n = 21) and extended (n = 119) ADME affected by CNVs called 

from the Infinium H3Africa Consortium Array v2. 

 

ADME gene Core/Extended 

ABCB1 Core 

ABCC2 Core 

CYP1A1 Core 

CYP1A2 Core 

CYP2A6 Core 

CYP2B6 Core 

CYP2C19 Core 

CYP2C8 Core 

CYP2C9 Core 

CYP2D6 Core 

CYP2E1 Core 

DPYD Core 

GSTM1 Core 

NAT1 Core 

SLCO1B1 Core 

SLCO1B3 Core 

SULT1A1 Core 

TPMT Core 

UGT2B15 Core 

UGT2B17 Core 

UGT2B7 Core 

ABCA1 Extended 

ABCC11 Extended 

ABCC13 Extended 

ABCC4 Extended 

ABCC8 Extended 

ABCG1 Extended 

ADH1B Extended 

ADH1C Extended 

AHR Extended 

ALDH1A2 Extended 

ALDH1A3 Extended 

ALDH2 Extended 

ALDH3A1 Extended 

ALDH3A2 Extended 

ALDH3B2 Extended 

ALDH4A1 Extended 

ALDH7A1 Extended 

ARSA Extended 

ATP7B Extended 

CBR3 Extended 

CDA Extended 

CES1 Extended 

CES2 Extended 

CFTR Extended 

CHST11 Extended 

CHST12 Extended 

CHST5 Extended 

CHST6 Extended 

CHST8 Extended 

CYB5R3 Extended 

CYP11A1 Extended 

CYP11B1 Extended 

CYP11B2 Extended 

CYP19A1 Extended 

CYP1B1 Extended 

CYP21A2 Extended 

CYP2A13 Extended 

CYP2A7 Extended 

CYP2C18 Extended 

CYP46A1 Extended 

CYP4F11 Extended 

CYP4F12 Extended 

CYP7B1 Extended 

DHRS12 Extended 

DHRS4 Extended 

DHRS4L1 Extended 

DHRS4L2 Extended 

DHRS7C Extended 

DPEP1 Extended 

GPX1 Extended 

GPX4 Extended 

GSTA1 Extended 
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GSTCD Extended 

GSTM2 Extended 

GSTM3 Extended 

GSTM4 Extended 

GSTM5 Extended 

GSTT2 Extended 

HNF4A Extended 

IAPP Extended 

MAT1A Extended 

METAP1 Extended 

MGST1 Extended 

NAT2 Extended 

PDE3A Extended 

PDE3B Extended 

PNMT Extended 

PON1 Extended 

POR Extended 

RXRA Extended 

SLC13A1 Extended 

SLC13A2 Extended 

SLC15A1 Extended 

SLC19A1 Extended 

SLC22A10 Extended 

SLC22A12 Extended 

SLC22A14 Extended 

SLC22A18 Extended 

SLC22A18AS Extended 

SLC22A9 Extended 

SLC2A5 Extended 

SLC5A6 Extended 

SLC6A6 Extended 

SLC7A5 Extended 

SLC7A7 Extended 

SLCO1A2 Extended 

SLCO1C1 Extended 

SLCO2B1 Extended 

SLCO3A1 Extended 

SLCO4A1 Extended 

SLCO5A1 Extended 

SLCO6A1 Extended 

SOD1 Extended 

SOD3 Extended 

SULF1 Extended 

SULT1A2 Extended 

SULT1A3 Extended 

SULT1B1 Extended 

SULT1C2 Extended 

SULT1E1 Extended 

SULT2A1 Extended 

SULT2B1 Extended 

SULT4A1 Extended 

TAP2 Extended 

UGT1A10 Extended 

UGT1A3 Extended 

UGT1A4 Extended 

UGT1A5 Extended 

UGT1A6 Extended 

UGT1A7 Extended 

UGT1A8 Extended 

UGT1A9 Extended 

UGT2A1 Extended 

UGT2B10 Extended 

UGT2B11 Extended 

UGT2B28 Extended 

UGT2B4 Extended 

UGT8 Extended 

XDH Extended 
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The CNVs identified ranged in size from 309 bp to 8.9 Mb, with the majority of CNVs 

(n = 4 505; 61.6%) being between 10 kb and 100 kb in size (Figure 4.3). 19.9% of 

CNVs (n = 1 455) were between 1–10 kb and 16.7% of CNVs (n = 1 219) were between 

100 kb and 1 Mb (Figure 4.3). Very few CNVs were less than 1 kb in size (n = 10; 

0.1%), and only 1.7% of CNVs (n = 124) were greater than 1 Mb (Figure 4.3).  

 

 

Figure 4.3: Size range of CNVs called from the array data. 
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The most severe consequences of CNVs called from array data, predicted by 

Ensembl’s VEP, can be seen in Figure 4.4 below. The most severe consequence for 

42.1% (n = 3 078) of the CNVs was transcript ablation or amplification. This was 

followed by intergenic and intronic variants which accounted for 21.1% (n = 1 546) and 

13% (n = 952) of CNVs respectively. Coding sequence variant was the most severe 

consequence for only 6% of CNVs (n = 439). Upstream and downstream variants 

accounted for 2.1% (n = 152) and 1.6% (n = 114) of CNVs respectively, while 5’ and 

3’ untranslated region (UTR) variants accounted for 1.6% (n = 119) and 0.6% (n = 47) 

of CNVs respectively. 

 

 

Figure 4.4: Most severe consequence of CNVs as predicted by Ensembl’s VEP.   
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4.3.2 Comparison to short-read data and long-read data 

For 100 individuals from South Africa, we had CNV calls from both short-read data and 

array data. A total of 3 330 CNVs were identified from the genotyping data of the 100 

individuals. From the same individuals, the short-read sequencing approach identified 

more CNVs, with GenomeSTRiP, SURVIVOR and Manta calling 7 703, 21 777 and 

33 703 CNVs respectively. The concordance between CNVs called from the array data 

and short-read data was low. When comparing the CNVs called with Genome STRiP 

and CNVs called from the array data, only 1.5% of the Genome STRiP CNVs were 

concordant with the array CNVs, while 3.5% of the array CNVs were concordant with 

the Genome STRiP CNVs (Figure 4.5A). When comparing the CNVs called with 

SURVIVOR to those called from array data, only 1% of the SURVIVOR CNVs were 

concordant with the array CNVs, while 6.4% of the array CNVs were concordant with 

the SURVIVOR CNVs (Figure 4.5C). Lastly, when the CNVs called with Manta were 

compared to the CNVs called from array data, only 0.7% of the Manta CNVs were 

concordant with the array CNVs, while 7.5% of the array CNVs were concordant with 

the Manta CNVs, which is more than double the concordance seen between the array 

CNVs and the CNVs called from GenomeSTRiP data (Figure 4.5B).  

 
Figure 4.5: Overlap between CNVs called from the array data and short-read 

sequencing data (A) Genome STRiP; (B) Manta; (C) SURVIVOR from the same 100 

South African individuals (based on 50% reciprocal overlap). 
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The eight samples for which we generated long-read sequencing data had also been 

genotyped on the Infinium H3Africa Consortium Array v2. The long-read approach 

identified far more CNVs (n = 42 336) compared to the array-approach which only 

identified 169 CNVs, when comparing the same eight samples. Interestingly, 53.3% of 

the CNVs identified from the array data were concordant with the CNV called from 

long-read data; however, only 0.2% of the long-read CNVs were concordant with the 

array data (Figure 4.6). 

 

 

 

 

 

 

 

 

 

 

Figure 4.6: Overlap between CNVs called from the array data and long-read 

sequencing data from the same eight individuals (based on 50% reciprocal overlap). 
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4.4 Discussion 

Various technologies can be used for the detection of CNVs, including short- and long-

read whole genome sequencing as well as genotyping arrays (Coutelier et al., 2021). 

However, while sequencing approaches provide improved CNV calling, they remain 

prohibitively expensive for large-scale studies (Quick et al., 2020), despite a decline in 

the cost of sequencing in recent years (Sham and Purcell, 2014). This is particularly 

relevant for resource-limited regions such as SSA. Genotyping/SNP arrays offer a 

cost-effective alternative that could potentially allow for large-scale detection of CNVs.  

 

In general, individual-wise approaches, such as PennCNV, are successful in detecting 

large, rare CNVs (Zhang et al., 2019). This is evident from the results of this study 

where the vast majority of CNVs (94.2%) were rare, and 80% of CNVs were greater 

than 10 kb in size. When assessing the most severe consequence for each CNV, the 

most common consequence was transcript ablation or amplification (42.1%). Partial 

gene CNVs including intronic variants and coding sequence variants accounted for 

only 13% and 6% of CNVs respectively. This high proportion of full gene CNVs 

compared to partial gene CNVs may be due to the fact that most of the CNVs were 

large and would therefore span the entire gene/s rather than only part of a gene. 

Additionally, intergenic CNVs were less common (21%) than full gene CNVs (transcript 

amplification/ablation) which may be due to a bias of probes within genes compared 

to those in intergenic regions on the array. 

 

A study performed on a Tunisian population, which also made use of PennCNV, 

identified 751 CNVs from the genotyping data of 102 individuals (Romdhane et al., 

2021). The CNVs that were identified by Romdhane and colleagues ranged from 

1.02 kb to 3.18 Mb and had an average size of 104 kb (Romdhane et al., 2021). In this 

study we called CNVs from the genotyping data of over 10 000 individuals and were 

able to identify 7 312 CNVs. The CNVs that were identified ranged from 309 bp to 

8.9 Mb in size with an average size of 104.4 kb, which is comparable to the findings 

from Romdhane and colleagues (Romdhane et al., 2021). Additionally, we found that 

the number of CNVs per individual ranged from 11–83 CNVs, with an average of 33 

CNVs per individual. This is concordant with the results from Romdhane and 

colleagues who found that the number of CNVs per individuals ranged from 17–63 

CNVs, with an average of 39 CNVs per individual (Romdhane et al., 2021). 
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It has been shown, that when compared to WGS, genotyping arrays have much lower 

resolution and therefore detect significantly fewer CNVs (Zhou et al., 2018). This was 

evident in this study where 3 330 CNVs were identified from the genotyping data of 

100 individuals and from the same individuals, the short-read sequencing approach 

identified ~8 000–34 000 CNVs depending on the CNV calling tool that was used. 

Unfortunately, the concordance between the array data and short-read data was low 

with only 0.7–1.5% of the short-read CNVs being concordant with the array CNVs, and 

3.5–7.5% of the array CNVs being concordant with the short-read CNVs, depending 

on the CNV calling tool that was used.  

 

When comparing the CNVs called from the array data and long-read data from the 

same eight samples, 53.3% of the CNVs identified from the array data were concordant 

with the CNV called from long-read data. However, the array identified significantly 

fewer CNVs compared to the long-read approach (169 versus 42 336 CNVs), which is 

expected as the array is not representative of the entire genome. As such only 0.2% 

of the long-read CNVs were concordant with the array data. Additionally, the vast 

majority of CNVs called by the long-read approach were small (< 1000 kb), and only 

0.1% of array CNVs were within this size range, making the window of potential overlap 

extremely small. 

 

While high-coverage whole genome sequencing (WGS) is the current gold standard 

for population-scale CNV detection (Png et al., 2019), the cost and computational 

requirements of this approach remain significantly higher than that of arrays (Zhou et 

al., 2018). Although predominantly used for SNP genotyping and GWAS, the data 

generated by these arrays can also be used for CNV calling (Carter, 2007). In this 

study we took advantage of the genotyping data that had already been generated for 

over 10 000 SSA individuals on the Infinium H3Africa Consortium Array v2 in order to 

call CNVs. While the results were comparable to other studies, the concordance 

between the CNVs called from the short-read sequencing data and array data is low, 

which calls into question the accuracy of the CNV calls. However, the higher 

concordance obtained between the array data and long-read sequencing data 

increases our confidence in the array results and thus the arrays utility to accurately 

call CNVs. However, the array has a much lower resolution, with very few CNVs being 

called when compared to the short- and long-read WGS data. This limits the utility of 

the array in generating a comprehensive population-wide CNV call set. 
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5. CHAPTER 5: OVERALL DISCUSSION AND CONCLUSION 

Various types of genetic variation exist in the human genome, ranging from small 

single nucleotide changes to large chromosomal changes (Eichler, 2019). In recent 

years, various studies have identified and revealed the importance of a class of sub-

microscopic alterations known as copy number variation (CNV) (Freeman et al., 2006; 

Redon et al., 2006). While greatly understudied compared to other classes of variation, 

such as single nucleotide variation (SNV), CNV is now understood to contribute to a 

large proportion of human genetic diversity (Zhou et al., 2018). In particular, genetic 

variation within genes involved in the absorption, distribution, metabolism and 

excretion (ADME) of therapeutic drugs has been shown to play a major role in how an 

individual responds to a particular drug. While SNVs in ADME genes have been 

extensively studied, a comprehensive analysis of CNVs affecting these genes is 

lacking, particularly in African populations, where the disease burden is high and 

adverse drug reactions (ADRs) are prevalent. 

 

Various types of data can be used to call CNVs, including short-read sequencing data, 

long-read sequencing data and SNP array data, with each approach having its own 

limitations and advantages. The difficulty in calling structural variation (SV), including 

CNVs, is the main factor behind why this type of genetic variation remains 

understudied (De Coster and Van Broeckhoven, 2019). Additionally, generating 

population-wide CNV call sets remains challenging for various reasons. First of all, 

detecting CNVs from sequencing data requires a high depth of sequencing, which can 

make large, population-wide studies prohibitively expensive and thus restrict these 

types of studies to researchers with considerable funding and resources (Png et al., 

2019). This problem is exacerbated when it comes to long-read sequencing, which 

despite having been shown to result in more accurate CNV calling, is significantly more 

expensive than high-coverage, short-read WGS (Png et al., 2019). Secondly, CNV 

calling poses a computation challenge, where processing hundreds of high-depth 

whole genome sequences (WGS) is demanding in terms of run time and memory 

requirements (Png et al., 2019). A solution to both the cost and computational burden 

is calling CNVs from SNP array data that has already been generated for genome wide 

association studies (GWAS). However, WGS approaches are much more sensitive in 

terms of CNV calling when compared with the best-performing arrays (Zhou et al., 

2018). Lastly, over 100 different algorithms have been developed to call CNVs from 
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WGS data, each with their own weaknesses and advantages over other tools 

(Mahmoud et al., 2019). However, the results obtained from different tools vary greatly 

(Gabrielaite et al., 2021) and the choice of tool is likely to have a great impact on the 

number and accuracy of CNV calls (Pabinger et al., 2014; Tattini, D’Aurizio and Magi, 

2015). 

 

In this study we aimed to generate a population-wide CNV call set within ADME genes. 

This was achieved by calling CNVs from just under 1 000 high-coverage, short-read 

WGSs from individuals across sub-Saharan Africa (SSA), using a variety of different 

CNV calling tools (GenomeSTRiP, Manta, Delly, Lumpy and GATK) (Objective 1). The 

results from this work highlight the difficulties associated with CNV calling, as the tools 

used produced very different outputs, with only ~10% of CNVs being common across 

all tools. However, although the CNVs called by different tools were highly variable, 

the advantages of each tool were leveraged in order to obtain a more comprehensive 

dataset, and the merged dataset of 362 CNVs generated in this study provided 

important insights into the CNV landscape in ADME genes in SSA populations, 

allowing us to produce a list of ADME CNVs with potential relevance in an African 

setting (Objective 5). 

 

Due to the limitations and difficulties of calling CNVs from short-read data, and the 

improvement in CNV calling accuracy that has been observed with the use of a long-

read sequencing approach, we aimed to validate the CNVs called from short-read 

sequence data by generating long-read WGS data for a subset of eight individuals 

(Objective 2). To our knowledge, this is one of the first long-read WGS datasets to be 

generated from African individuals. When the short- and long-read CNVs were 

compared for the same eight individuals, approximately half of the short-read CNVs 

were concordant with the long-read data. Additionally, while only eight long-read 

sequences were generated, the results from this work illustrate that long-read 

sequencing is able to detect far more CNVs from far fewer samples compared to short-

read approaches, as well as detecting a higher percentage of novel CNVs, thus 

providing invaluable insights into the CNV landscape in African populations. Lastly, this 

work shows that short-read sequencing alone is not adequate for accurate and 

comprehensive CNV calling and suggests that CNV calling in the future should make 

use of a combination of short- and long-read sequencing approaches (Objective 3). 
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As discussed above, the cost of WGS, both short- and long-read, may make this 

approach for population-wide CNV calling unfeasible in a resource-limited setting. An 

alternative approach is to exploit the data that has already been generated in GWAS 

studies, which can also be used for CNV calling. In this study, we called CNVs from 

the SNP array data of over 10 000 SSA individuals who had previously been 

genotyped on the Infinium H3Africa Consortium Array v2, in order to determine which 

CNVs could be called from the array, thus allowing for the assessment of its utility 

(Objective 4). The concordance between the array CNVs and the CNVs called from 

the short-read WGS data for the same 100 individuals was very low, indicating a limited 

utility to accurately call CNVs. However, when the array CNVs were compared to the 

CNVs called from the long-read WGS data for the same eight individuals, the 

concordance increased to over 50%, thus improving our confidence in the array 

results. However, very few CNVs were called from the array data compared to the 

short- and long-read WGS data, a known limitation of this approach, and this low 

resolution limits the utility of the array to generate a comprehensive population-wide 

CNV call set. 

 

The CNVs identified in this study may be useful for precision medicine in the future. It 

is likely that we would be dependent on diagnostic tests that make use of a targeted 

approach to identify known CNVs that are associated with ADRs. Population data, 

such as the call set generated in this study, will be useful in designing these diagnostic 

tests. However, the high level of CNV diversity, as observed between different 

individuals in this study, may make designing a diagnostic test that is relevant to all 

populations and individuals difficult. In the case of unknown or novel CNVs, the results 

of this study have shown that, in a clinical setting, short-read sequencing would not be 

a viable approach for patient-specific testing. The fact that short-read sequencing 

alone is not adequate for accurate and comprehensive CNV calling would render it 

inappropriate as a diagnostic test to identify a mutation that may cause or be causing 

an ADR in a patient. High-coverage, long-read sequencing would be ideal in this case; 

however, the current high costs of long-read sequencing makes this an unfeasible 

approach in a clinical setting, particularly in resource-limited settings. 

 

The following sections will discuss the limitations of this study, future work that could 

be done with the available data as well as extensions of this work with new data. Firstly, 

all of the CNVs identified in this study were called using in silico bioinformatics 
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approaches. Therefore, further laboratory work, such as droplet digital PCR (ddPCR), 

may be required in order to validate the presence of these CNVs as well as verify their 

breakpoints. Additionally, in the absence of further laboratory work to better understand 

the functional impact of these CNVs, as well as phenotypic data on how individuals 

with these CNVs respond to a given drug, we cannot fully understand the 

pharmacogenetic consequence that a CNV may have.  

 

Quality control issues involving alternate contig regions of the BAM files used in this 

study were identified. However, due the high computational costs and large amount of 

time required to regenerate the BAM files and recall CNVs, CNVs within alternate 

contig regions were simply removed from the analysis. A disadvantage of this solution 

was that several important ADME genes could not be assessed. One of these genes 

is CYP2D6 which is classified as a very important pharmacogene by PharmGKB and 

plays a role in the metabolism of ~25% of the drugs used today. Both deletions and 

duplications of CYP2D6 have been previously reported and it would be interesting to 

assess the frequencies of these CNVs in a diverse set of SSA populations. The BAM 

files have since been regenerated and CNV recalling has begun. 

 

Due to the very high cost of long-read sequencing and availability of DNA, we were 

only able to generate eight WGSs, all of which were obtained from individuals from 

South Africa. Therefore, future sequencing of additional samples from individuals 

across SSA will help to gain a better understanding of the CNV landscape in this 

region, across various populations and ethnolinguistic groups. Additionally, only one 

tool was used to call CNVs from the long-read sequencing data. Several other tools 

for calling CNVs from this type of data have been developed, including PBHoney 

(English, Salerno and Reid, 2014), SMRT-SV (Huddleston et al., 2017) and Sniffles 

(Sedlazeck et al., 2018). As each tool has its own limitations and advantages, running 

these additional tools on the data would allow for a comparison of the results obtained 

from the different tools as well as provide a more comprehensive and accurate CNV 

call set.  

 

In this study the long reads generated by High Fidelity (HiFi) sequencing were aligned 

to a reference genome in order to generate the BAM files used for CNV calling. This 

means that the alignments produced and CNVs called are biased by the reference 

genome. As a solution to this, long-reads can be used to generate highly contiguous 
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de novo genome assemblies whereby reads are joined based on overlap in order to 

produce longer contiguous sequences without the need for a reference genome (Chin 

et al., 2016). The use of this approach may potentially allow for more accurate CNV 

detection as well as the detection of larger CNVs from the long-read sequencing data.  

 

Additionally, a method has recently been developed that combines long-read WGS 

with Strand-seq data in order to produce fully phased diploid genome assemblies 

(Ebert et al., 2021). While these genome assemblies have been shown to improve SV 

calling, they can be used to interpret and call SVs in short-read datasets (Ebler et al., 

2020). Pangenome-based Genome Inference (PanGenIe) makes use of a panel of 

fully-phased assemblies to genotype all variants, including SVs, in short-read 

sequencing data (Ebler et al., 2020). In this way, only a few, very expensive genome 

assemblies are required in order to genotype CNVs in much larger short-read datasets 

(Ebler et al., 2020). With the addition of Strand-seq data, fully phased diploid genome 

assemblies could be generated for the eight samples with long-read sequencing data 

that has been generated in this study. These assemblies could then be used to call 

CNVs from the short-read data, and perhaps improve the CNV calls from this type of 

data. 

 

Lastly, the CNV landscape of ADME genes has been studied in isolation, without taking 

into consideration other types of genetic variation within the same gene that may have 

functional effects. For example, an individual may have a duplication and therefore one 

would predict a rapid metaboliser or ultrarapid metaboliser phenotype. However, if the 

gene also contains SNVs that render it non-functional, the phenotypic prediction based 

only on the presence of a duplication, would be incorrect. Therefore, SNVs and CNVs 

in ADME genes need to be assessed together, and phased genome assemblies would 

help greatly in this regard.  

 

Overall, this study has made use of several different approaches (SNP array, short-

read WGS and long-read WGS) in order to provide insights into an understudied, yet 

potentially impactful, class of genetic variation. The CNVs identified in this study will 

be made available in a suitable database so that this data may be useful for future 

studies. Additionally, CNVs identified within ADME genes could be used to design an 

African-specific ADME CNV array, which could allow for the CNV calling from 

thousands of African individuals, thus improving our knowledge of the CNV landscape 
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in ADME genes. These CNVs may provide insight into the variability in drug response 

that is observed and may be useful for precision medicine in the future, allowing for 

improved efficacy and reduced ADRs, thus decreasing the burden of disease in SSA. 

The varied results obtained from the different approaches highlight the difficulties 

associated with CNV calling. Nevertheless, we have been able to provide the first 

assessment of the CNV landscape in ADME genes in SSA, as well as assess different 

approaches to CNV calling.   
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7. APPENDICES 

APPENDIX A: PharmaADME core and extended ADME gene lists. 

Table A1: Core ADME gene list (PharmaADME.org, 2021). 

 
  

Gene 
Symbol 

Full Gene Name Class 

ABCB1 ATP-binding cassette, sub-family B (MDR/TAP), member 1 Transporter 

ABCC2 ATP-binding cassette, sub-family C (CFTR/MRP), member 2 Transporter 

ABCG2 ATP-binding cassette, sub-family G (WHITE), member 2 Transporter 

CYP1A1 cytochrome P450, family 1, subfamily A, polypeptide 1 Phase I 

CYP1A2 cytochrome P450, family 1, subfamily A, polypeptide 2 Phase I 

CYP2A6 cytochrome P450, family 2, subfamily A, polypeptide 6 Phase I 

CYP2B6 cytochrome P450, family 2, subfamily B, polypeptide 6 Phase I 

CYP2C19 cytochrome P450, family 2, subfamily C, polypeptide 19 Phase I 

CYP2C8 cytochrome P450, family 2, subfamily C, polypeptide 8 Phase I 

CYP2C9 cytochrome P450, family 2, subfamily C, polypeptide 9 Phase I 

CYP2D6 cytochrome P450, family 2, subfamily D, polypeptide 6 Phase I 

CYP2E1 cytochrome P450, family 2, subfamily E, polypeptide 1 Phase I 

CYP3A4 cytochrome P450, family 3, subfamily A, polypeptide 4 Phase I 

CYP3A5 cytochrome P450, family 3, subfamily A, polypeptide 5 Phase I 

DPYD dihydropyrimidine dehydrogenase Phase I 

GSTM1 glutathione S-transferase M1 Phase II 

GSTP1 glutathione S-transferase pi Phase II 

GSTT1 glutathione S-transferase theta 1 Phase II 

NAT1 N-acetyltransferase 1 (arylamine N-acetyltransferase) Phase II 

NAT2 N-acetyltransferase 2 (arylamine N-acetyltransferase) Phase II 

SLC15A2 solute carrier family 15 (H+/peptide transporter), member 2 Transporter 

SLC22A1 solute carrier family 22 (organic cation transporter), member 1 Transporter 

SLC22A2 solute carrier family 22 (organic cation transporter), member 2 Transporter 

SLC22A6 solute carrier family 22 (organic anion transporter), member 6 Transporter 

SLCO1B1 solute carrier organic anion transporter family, member 1B1 Transporter 

SLCO1B3 solute carrier organic anion transporter family, member 1B3 Transporter 

SULT1A1 sulfotransferase family, cytosolic, 1A, phenol-preferring, member 1 Phase II 

TPMT thiopurine S-methyltransferase, Phase II 

UGT1A1 UDP glucuronosyltransferase 1 family, polypeptide A1 Phase II 

UGT2B15 UDP glucuronosyltransferase 2 family, polypeptide B15 Phase II 

UGT2B17 UDP glucuronosyltransferase 2 family, polypeptide B17 Phase II 

UGT2B7 UDP glucuronosyltransferase 2 family, polypeptide B7 Phase II 
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Table A2: Extended ADME gene list. The rankings of the extended ADME genes have 

been established based on input from seven major pharmaceutical companies in line 

with their interest in seeing a particular gene on a product (PharmaADME.org, 2021). 

Rank 
Gene 

Symbol 
Full Gene Name Class 

7 ABCB8 ATP-binding cassette, sub-family B (MDR/TAP), member 8 Transporter 

7 ABCC12 ATP-binding cassette, sub-family C (CFTR/MRP), member 12 Transporter 

7 ABCC3 ATP-binding cassette, sub-family C (CFTR/MRP), member 3 Transporter 

7 ABCC4 ATP-binding cassette, sub-family C (CFTR/MRP), member 4 Transporter 

7 AHR aryl hydrocarbon receptor Modifier 

7 ALDH4A1 aldehyde dehydrogenase 4 family, member A1 Phase I 

7 ALDH5A1 aldehyde dehydrogenase 5 family, member A1 Phase I 

7 ALDH6A1 aldehyde dehydrogenase 6 family, member A1 Phase I 

7 CES1 carboxylesterase 1 (monocyte/macrophage serine esterase 1) Phase I 

7 CES2 carboxylesterase 2 (intestine, liver) Phase I 

7 CYP7A1 cytochrome P450, family 7, subfamily A, polypeptide 1 Phase I 

7 EPHX1 epoxide hydrolase 1, microsomal (xenobiotic) Phase I 

7 FMO3 flavin containing monooxygenase 3 Phase I 

7 GSTA1 glutathione S-transferase A1 Phase II 

7 GSTA2 glutathione S-transferase A2 Phase II 

7 GSTA3 glutathione S-transferase A3 Phase II 

7 GSTA4 glutathione S-transferase A4 Phase II 

7 GSTA5 glutathione S-transferase A5 Phase II 

7 GSTM2 glutathione S-transferase M2 (muscle),glutathione S-transferase M4 Phase II 

7 GSTM3 glutathione S-transferase M3 (brain) Phase II 

7 GSTM4 glutathione S-transferase M4 Phase II 

7 GSTO1 glutathione S-transferase omega 1,glutathione S-transferase omega 2 Phase II 

7 GSTO2 glutathione S-transferase omega 2 Phase II 

7 GSTT2 glutathione S-transferase theta 2 Phase II 

7 SLC10A1 solute carrier family 10 (sodium/bile acid cotransporter family), member 1 Transporter 

7 SLC15A1 solute carrier family 15 (oligopeptide transporter), member 1 Transporter 

7 SLC22A11 solute carrier family 22 (organic anion/cation transporter), member 11 Transporter 

7 SLC22A8 solute carrier family 22 (organic anion transporter), member 8 Transporter 

7 SLC7A5 
solute carrier family 7 (cationic amino acid transporter, y+ system), 

member 5 
Transporter 

7 SLCO1A2 solute carrier organic anion transporter family, member 1A2 Transporter 

7 SLCO2B1 solute carrier organic anion transporter family, member 2B1 Transporter 

7 SULT1A2 sulfotransferase family, cytosolic, 1A, phenol-preferring, member 2 Phase II 

7 SULT1A3 sulfotransferase family, cytosolic, 1A, phenol-preferring, member 3 Phase II 

7 SULT1B1 sulfotransferase family, cytosolic, 1B, member 1 Phase II 

7 UGT1A3 UDP glucuronosyltransferase 1 family, polypeptide A3 Phase II 

7 UGT1A6 UDP glucuronosyltransferase 1 family, polypeptide A6 Phase II 

7 UGT1A7 UDP glucuronosyltransferase 1 family, polypeptide A7 Phase II 
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7 UGT1A8 UDP glucuronosyltransferase 1 family, polypeptide A8 Phase II 

7 UGT1A9 UDP glucuronosyltransferase 1 family, polypeptide A9 Phase II 

7 UGT2A1 UDP glucuronosyltransferase 2 family, polypeptide A1 Phase II 

7 UGT2B11 UDP glucuronosyltransferase 2 family, polypeptide B11 Phase II 

7 UGT2B28 UDP glucuronosyltransferase 2 family, polypeptide B28 Phase II 

7 UGT2B4 UDP glucuronosyltransferase 2 family, polypeptide B4 Phase II 

6 ABCA1 ATP-binding cassette, sub-family A (ABC1), member 1 Transporter 

6 ABCA4 ATP-binding cassette, sub-family A (ABC1), member 4 Transporter 

6 ABCB11 ATP-binding cassette, sub-family B (MDR/TAP), member 11 Transporter 

6 ABCB4 ATP-binding cassette, sub-family B (MDR/TAP), member 4 Transporter 

6 ABCB5 ATP-binding cassette, sub-family B (MDR/TAP), member 5 Transporter 

6 ABCB6 ATP-binding cassette, sub-family B (MDR/TAP), member 6 Transporter 

6 ABCB7 ATP-binding cassette, sub-family B (MDR/TAP), member 7 Transporter 

6 ABCC1 ATP-binding cassette, sub-family C (CFTR/MRP), member 1 Transporter 

6 ABCC10 ATP-binding cassette, sub-family C (CFTR/MRP), member 10 Transporter 

6 ABCC11 ATP-binding cassette, sub-family C (CFTR/MRP), member 11 Transporter 

6 ABCC5 ATP-binding cassette, sub-family C (CFTR/MRP), member 5 Transporter 

6 ABCC6 ATP-binding cassette, sub-family C (CFTR/MRP), member 6 Transporter 

6 ABCC8 ATP-binding cassette, sub-family C (CFTR/MRP), member 8 Transporter 

6 ABCC9 ATP-binding cassette, sub-family C (CFTR/MRP), member 9 Transporter 

6 ABCG1 ATP-binding cassette, sub-family G (WHITE), member 1 Transporter 

6 ADH1A alcohol dehydrogenase 1A (class I), alpha polypeptide Phase I 

6 ADH1B alcohol dehydrogenase IB (class I), beta polypeptide Phase I 

6 ADH1C alcohol dehydrogenase 1C (class I), gamma polypeptide Phase I 

6 ADH4 alcohol dehydrogenase 4 (class II), pi polypeptide Phase I 

6 ADH5 
alcohol dehydrogenase 5 (class III), chi polypeptide,methionyl 

aminopeptidase 1 
Phase I 

6 ADH6 alcohol dehydrogenase 6 (class V) Phase I 

6 ADH7 alcohol dehydrogenase 7 (class IV), mu or sigma polypeptide Phase I 

6 ALDH1A1 aldehyde dehydrogenase 1 family, member A1 Phase I 

6 ALDH1A2 aldehyde dehydrogenase 1 family, member A2 Phase I 

6 ALDH1A3 aldehyde dehydrogenase 1 family, member A3 Phase I 

6 ALDH1B1 aldehyde dehydrogenase 1 family, member B1 Phase I 

6 ALDH2 aldehyde dehydrogenase 2 family (mitochondrial) Phase I 

6 ALDH3A1 aldehyde dehydrogenase 3 family, memberA1 Phase I 

6 ALDH3A2 aldehyde dehydrogenase 3 family, member A2 Phase I 

6 ALDH3B1 aldehyde dehydrogenase 3 family, member B1 Phase I 

6 ALDH3B2 aldehyde dehydrogenase 3 family, member B2 Phase I 

6 ALDH7A1 aldehyde dehydrogenase 7 family, member A1 Phase I 

6 ALDH8A1 aldehyde dehydrogenase 8 family, member A1 Phase I 

6 ALDH9A1 aldehyde dehydrogenase 9 family, member A1 Phase I 

6 AOX1 aldehyde oxidase 1 Phase I 

6 ARNT aryl hydrocarbon receptor nuclear translocator Modifier 

6 CBR1 carbonyl reductase 1 Phase I 
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6 CBR3 carbonyl reductase 3 Phase I 

6 CDA cytidine deaminase Modifier 

6 CYB5R3 cytochrome b5 reductase 3 Phase I 

6 CYP11A1 cytochrome P450, family 11, subfamily A, polypeptide 1 Phase I 

6 CYP11B1 cytochrome P450, family 11, subfamily B, polypeptide 1 Phase I 

6 CYP11B2 cytochrome P450, family 11, subfamily B, polypeptide 2 Phase I 

6 CYP17A1 cytochrome P450, family 17, subfamily A, polypeptide 1 Phase I 

6 CYP1B1 cytochrome P450, family 1, subfamily B, polypeptide 1 Phase I 

6 CYP20A1 cytochrome P450, family 20, subfamily A, polypeptide 1 Phase I 

6 CYP20A1 cytochrome P450, family 20, subfamily A, polypeptide 1 Phase I 

6 CYP21A2 cytochrome P450, family 21, subfamily A, polypeptide 2 Phase I 

6 CYP24A1 cytochrome P450, family 24, subfamily A, polypeptide 1 Phase I 

6 CYP26A1 cytochrome P450, family 26, subfamily A, polypeptide 1 Phase I 

6 CYP27A1 cytochrome P450, family 27, subfamily A, polypeptide 1 Phase I 

6 CYP2A13 cytochrome P450, family 2, subfamily A, polypeptide 13 Phase I 

6 CYP2A7 cytochrome P450, family 2, subfamily A, polypeptide 7 Phase I 

6 CYP2C18 cytochrome P450, family 2, subfamily C, polypeptide 18 Phase I 

6 CYP2F1 cytochrome P450, family 2, subfamily F, polypeptide 1 Phase I 

6 CYP2J2 cytochrome P450, family 2, subfamily J, polypeptide 2 Phase I 

6 CYP39A1 cytochrome P450, family 39, subfamily A, polypeptide 1 Phase I 

6 CYP3A43 cytochrome P450, family 3, subfamily A, polypeptide 43 Phase I 

6 CYP3A7 cytochrome P450, family 3, subfamily A, polypeptide 7 Phase I 

6 CYP4B1 cytochrome P450, family 4, subfamily B, polypeptide 1 Phase I 

6 CYP4F11 cytochrome P450, family 4, subfamily F, polypeptide 11 Phase I 

6 CYP51A1 cytochrome P450, family 51, subfamily A, polypeptide 1 Phase I 

6 EPHX2 epoxide hydrolase 2, cytoplasmic Phase I 

6 FMO1 flavin containing monooxygenase 1 Phase I 

6 FMO2 flavin containing monooxygenase 2 Phase I 

6 FMO4 flavin containing monooxygenase 4 Phase I 

6 FMO5 flavin containing monooxygenase 5 Phase I 

6 GPX2 glutathione peroxidase 2 (gastrointestinal) Phase I 

6 GPX3 glutathione peroxidase 3 (plasma) Phase I 

6 GPX7 glutathione peroxidase 7 Phase I 

6 GSR glutathione reductase Phase I 

6 GSTK1 glutathione S-transferase kappa 1 Phase II 

6 GSTM5 glutathione S-transferase M5 Phase II 

6 GSTZ1 glutathione transferase zeta 1 (maleylacetoacetate isomerase) Phase II 

6 NNMT nicotinamide N-methyltransferase Phase II 

6 NR1I2 nuclear receptor subfamily 1, group I, member 2 Modifier 

6 NR1I3 nuclear receptor subfamily 1, group I, member 3 Modifier 

6 PNMT phenylethanolamine N-methyltransferase Phase II 

6 PON1 paraoxonase 1 Phase I 

6 PON2 paraoxonase 2 Phase I 

6 PON3 paraoxonase 3 Phase I 
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6 POR P450 (cytochrome) oxidoreductase Modifier 

6 PPARD peroxisome proliferative activated receptor, delta Modifier 

6 PPARG peroxisome proliferative activated receptor, gamma Modifier 

6 RXRA retinoid X receptor, alpha Modifier 

6 SLC10A2 solute carrier family 10 (sodium/bile acid cotransporter family), member 2 Transporter 

6 SLC13A1 solute carrier family 13 (sodium/sulfate symporters), member 1 Transporter 

6 SLC13A2 
solute carrier family 13 (sodium-dependent dicarboxylate transporter), 

member 2 
Transporter 

6 SLC13A3 
solute carrier family 13 (sodium-dependent dicarboxylate transporter), 

member 3 
Transporter 

6 SLC16A1 solute carrier family 16 (monocarboxylic acid Transporter), member 1 Transporter 

6 SLC19A1 solute carrier family 19 (folate transporter), member 1 Transporter 

6 SLC22A10 solute carrier family 22 (organic anion/cation transporter), member 10 Transporter 

6 SLC22A12 solute carrier family 22 (organic anion/cation transporter), member 12 Transporter 

6 SLC22A13 solute carrier family 22 (organic cation transporter), member 13 Transporter 

6 SLC22A14 solute carrier family 22 (organic cation transporter), member 14 Transporter 

6 SLC22A15 solute carrier family 22 (organic cation transporter), member 15 Transporter 

6 SLC22A16 solute carrier family 22 (organic cation transporter), member 16 Transporter 

6 SLC22A17 solute carrier family 22 (organic cation transporter), member 17 Transporter 

6 SLC22A18 solute carrier family 22 (organic cation transporter), member 18 Transporter 

6 SLC22A18AS solute carrier family 22 (organic cation transporter), member 18 antisense Transporter 

6 SLC22A3 
solute carrier family 22 (extraneuronal monoamine transporter), member 

3 
Transporter 

6 SLC22A4 solute carrier family 22 (organic cation transporter), member 4 Transporter 

6 SLC22A5 solute carrier family 22 (organic cation transporter), member 5 Transporter 

6 SLC22A7 solute carrier family 22 (organic anion transporter), member 7 Transporter 

6 SLC22A9 solute carrier family 22 (organic anion/cation transporter), member 9 Transporter 

6 SLC27A1 solute carrier family 27 (fatty acid transporter), member 1 Transporter 

6 SLC28A1 
solute carrier family 28 (sodium-coupled nucleoside transporter), member 

1 
Transporter 

6 SLC28A2 
solute carrier family 28 (sodium-coupled nucleoside transporter), member 

2 
Transporter 

6 SLC28A3 
solute carrier family 28 (sodium-coupled nucleoside transporter), member 

3 
Transporter 

6 SLC29A1 solute carrier family 29 (nucleoside Transporter), member 1 Transporter 

6 SLC29A2 solute carrier family 29 (nucleoside Transporter), member 2 Transporter 

6 SLC2A4 solute carrier family 2 (facilitated glucose transporter), member 4 Transporter 

6 SLC2A5 solute carrier family 2 (facilitated glucose/fructose transporter), member 5 Transporter 

6 SLC5A6 solute carrier family 5 (sodium-dependent vitamin transporter) Transporter 

6 SLC6A6 solute carrier family 6 (neurotransmitter transporter, taurine), member 6 Transporter 

6 SLC7A8 
solute carrier family 7 (cationic amino acid transporter, y+ system), 

member 8 
Transporter 

6 SLCO1C1 solute carrier organic anion transporter family, member 1C1 Transporter 

6 SLCO2A1 solute carrier organic anion transporter family, member 2A1 Transporter 

6 SLCO3A1 solute carrier organic anion transporter family, member 3A1 Transporter 
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6 SLCO4A1 solute carrier organic anion transporter family, member 4A1 Transporter 

6 SLCO4C1 solute carrier organic anion transporter family, member 4C1 Transporter 

6 SLCO5A1 solute carrier organic anion transporter family, member 5A1 Transporter 

6 SLCO6A1 solute carrier organic anion transporter family, member 6A1 Transporter 

6 SULT1C1 sulfotransferase family, cytosolic, 1C, member 1 Phase II 

6 SULT1C2 sulfotransferase family, cytosolic, 1C, member 2 Phase II 

6 SULT1E1 sulfotransferase family 1E, estrogen-preferring, member 1 Phase II 

6 SULT2A1 sulfotransferase family, cytosolic, 2A, DHEA preferring, member 1 Phase II 

6 SULT2B1 sulfotransferase family, cytosolic, 2B, member 1 Phase II 

6 TAP1 transporter 1, ATP-binding cassette, sub-family B (MDR/TAP) Transporter 

6 UGT1A10 UDP glucuronosyltransferase 1 family, polypeptide A10 Phase II 

6 UGT1A4 UDP glucuronosyltransferase 1 family, polypeptide A4 Phase II 

6 UGT1A5 UDP glucuronosyltransferase 1 family, polypeptide A5 Phase II 

6 UGT2B10 UDP glucuronosyltransferase 2 family, polypeptide B10 Phase II 

5 ABCC13 ATP-binding cassette, sub-family C (CFTR/MRP), member 13 Transporter 

5 ARSA arylsulfatase A Modifier 

5 CAT catalase Modifier 

5 CHST8 carbohydrate (N-acetylgalactosamine 4-0) sulfotransferase 8 Phase II 

5 CYP19A1 cytochrome P450, family 19, subfamily A, polypeptide 1 Phase I 

5 CYP26C1 cytochrome P450, family 26, subfamily C, polypeptide 1 Phase I 

5 CYP27B1 cytochrome P450, family 27, subfamily B, polypeptide 1 Phase I 

5 CYP2R1 cytochrome P450, family 2, subfamily R, polypeptide 1 Phase I 

5 CYP2S1 cytochrome P450, family 2, subfamily S, polypeptide 1 Phase I 

5 CYP46A1 cytochrome P450, family 46, subfamily A, polypeptide 1 Phase I 

5 CYP4A11 cytochrome P450, family 4, subfamily A, polypeptide 11 Phase I 

5 CYP4F12 cytochrome P450, family 4, subfamily F, polypeptide 12 Phase I 

5 CYP4F2 cytochrome P450, family 4, subfamily F, polypeptide 2 Phase I 

5 CYP4F3 cytochrome P450, family 4, subfamily F, polypeptide 3 Phase I 

5 CYP4F8 cytochrome P450, family 4, subfamily F, polypeptide 8 Phase I 

5 CYP4Z1 cytochrome P450, family 4, subfamily Z, polypeptide 1 Phase I 

5 CYP7B1 cytochrome P450, family 7, subfamily B, polypeptide 1 Phase I 

5 CYP8B1 cytochrome P450, family 8, subfamily B, polypeptide 1 Phase I 

5 DHRS13 dehydrogenase/reductase (SDR family) member 13 Phase I 

5 DHRS2 dehydrogenase/reductase (SDR family) member 2 Phase I 

5 GPX1 glutathione peroxidase 1 Phase I 

5 GPX4 glutathione peroxidase 4 (phospholipid hydroperoxidase) Phase I 

5 GPX5 glutathione peroxidase 5 (epididymal androgen-related protein) Phase I 

5 GPX6 glutathione peroxidase 6 (olfactory) Phase I 

5 GSS glutathione synthetase Phase I 

5 GSTCD glutathione S-transferase, C-terminal domain containing Phase II 

5 HNF4A hepatocyte nuclear factor 4, alpha Modifier 

5 HNMT histamine N-methyltransferase Phase II 

5 HSD11B1 hydroxysteroid (17-beta) dehydrogenase 11 Phase I 

5 HSD17B11 hydroxysteroid (17-beta) dehydrogenase 11 Phase I 
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5 HSD17B14 hydroxysteroid (17-beta) dehydrogenase 14 Phase I 

5 LOC731356 similar to dehydrogenase/reductase (SDR family) member 4 like 2 Phase I 

5 MGST1 microsomal glutathione S-transferase 1 Phase II 

5 MGST2 microsomal glutathione S-transferase 2 Phase II 

5 MGST3 microsomal glutathione S-transferase 3 Phase II 

5 MPO myeloperoxidase Modifier 

5 NOS1 nitric oxide synthase 1 (neuronal) Phase I 

5 NOS2A nitric oxide synthase 2A (inducible, hepatocytes) Phase I 

5 NOS3 nitric oxide synthase 3 (endothelial cell) Phase I 

5 PPARA peroxisome proliferator-activated receptor alpha Modifier 

5 SERPINA7 
serpin peptidase inhibitor, clade A (alpha-1 antiproteinase, antitrypsin), 

member 7 
Modifier 

5 SLC7A7 
solute carrier family 7 (cationic amino acid transporter, y+ system), 

member 7 
Transporter 

5 SOD1 superoxide dismutase 1, soluble (amyotrophic lateral sclerosis 1 (adult)) Modifier 

5 SOD2 superoxide dismutase 2, mitochondrial Modifier 

5 SOD3 superoxide dismutase 3, extracellular precursor Modifier 

5 SULF1 sulfatase 1 Phase I 

5 SULT4A1 sulfotransferase family 4A, member 1 Phase II 

5 TAP2 transporter 2, ATP-binding cassette, sub-family B (MDR/TAP) Transporter 

5 UGT8 
UDP glycosyltransferase 8 (UDP-galactose ceramide 

galactosyltransferase) 
Phase II 

5 XDH xanthine dehydrogenase Phase I 

4 ADHFE1 alcohol dehydrogenase, iron containing, 1 Phase I 

4 CHST1 carbohydrate (keratan sulfate Gal-6) sulfotransferase 1 Phase II 

4 CHST10 carbohydrate sulfotransferase 10 Phase II 

4 CHST11 carbohydrate (chondroitin 4) sulfotransferase 11 Phase II 

4 CHST12 carbohydrate (chondroitin 4) sulfotransferase 12 Phase II 

4 CHST13 carbohydrate (chondroitin 4) sulfotransferase 13 Phase II 

4 CHST2 carbohydrate (N-acetylglucosamine-6-O) sulfotransferase 2 Phase II 

4 CHST3 carbohydrate (chondroitin 6) sulfotransferase 3 Phase II 

4 CHST4 carbohydrate (N-acetylglucosamine 6-O) sulfotransferase 4 Phase II 

4 CHST5 carbohydrate (N-acetylglucosamine 6-O) sulfotransferase 5 Phase II 

4 CHST6 carbohydrate (N-acetylglucosamine 6-O) sulfotransferase 6 Phase II 

4 CHST7 carbohydrate (N-acetylglucosamine 6-O) sulfotransferase 7 Phase II 

4 CHST9 carbohydrate (N-acetylgalactosamine 4-0) sulfotransferase 9 Phase II 

4 CYP2D7P1 cytochrome P450, family 2, subfamily D, polypeptide 7 pseudogene 1 Phase I 

4 DDO D-aspartate oxidase Phase I 

4 DHRS1 dehydrogenase/reductase (SDR family) member 1 Phase I 

4 DHRS12 dehydrogenase/reductase (SDR family) member 12 Phase I 

4 DHRS3 dehydrogenase/reductase (SDR family) member 3 Phase I 

4 DHRS4 dehydrogenase/reductase (SDR family) member 4 Phase I 

4 DHRS4L1 dehydrogenase/reductase (SDR family) member 4 like 1 Phase I 

4 DHRS4L2 dehydrogenase/reductase (SDR family) member 4 like 2 Phase I 
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4 DHRS7 dehydrogenase/reductase (SDR family) member 7 Phase I 

4 DHRS7B dehydrogenase/reductase (SDR family) member 7B Phase I 

4 DHRS7C dehydrogenase/reductase (SDR family) member 7C Phase I 

4 DHRS9 dehydrogenase/reductase (SDR family) member 9 Phase I 

4 DHRSX dehydrogenase/reductase (SDR family) X-linked Phase I 

4 DPEP1 dipeptidase 1 (renal) Phase I 

4 FMO6P flavin containing monooxygenase 6 Phase I 

4 HAGH hydroxyacylglutathione hydrolase Phase I 

4 IAPP islet amyloid polypeptide Modifier 

4 KCNJ11 potassium inwardly-rectifying channel, subfamily J, member 11 Modifier 

4 LOC728667 similar to dehydrogenase/reductase (SDR family) member 2 isoform 1 Phase I 

4 LOC731931 similar to dehydrogenase/reductase (SDR family) member 2 isoform 1 Phase I 

4 MAT1A methionine adenosyltransferase I, alpha Modifier 

4 METAP1 methionyl aminopeptidase 1 Phase I 

4 PDE3A phosphodiesterase 3A, cGMP-inhibited Phase I 

4 PDE3B phosphodiesterase 3B, cGMP-inhibited Phase I 

4 PLGLB1 plasminogen-like B1 Phase I 

3 ATP7A ATPase, Cu++ transporting, alpha polypeptide (Menkes syndrome) Modifier 

3 ATP7B ATPase, Cu++ transporting, beta polypeptide Modifier 

3 CFTR cystic fibrosis transmembrane conductance regulator Modifier 



 179 

APPENDIX B: Depth of coverage plots for long-read sequences. 

 

 

 

Figure B1: AB0330 depth of coverage. 
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Figure B2: AB2543 depth of coverage. 
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Figure B3: AJK0F depth of coverage. 
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Figure B4: CFF0X depth of coverage. 
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Figure B5: CFF0X (re-sequenced) depth of coverage. 
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Figure B6: CFF0X (combined) depth of coverage. 
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Figure B7: CVN0L depth of coverage. 
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Figure B8: CWF0F depth of coverage. 
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Figure B9: DEC0V depth of coverage. 
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Figure B10: DSX0S depth of coverage.
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APPENDIX C: Upset plots showing CNV intersections between samples of the same self-identified ethnolinguistic group. 

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
Figure C1: CNV overlap between CVN0L and DSX0S (Tswana samples). 
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Figure C2: CNV overlap between AB2543 and AB0330 (Tsonga samples). 
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Figure C3: CNV overlap between AJK0F and DEC0V (Venda samples). 
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Figure C4: CNV overlap between CFF0X and CWF0F (Xhosa samples).
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APPENDIX D: Approval of title. 
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APPENDIX F: Ethical clearance certificate for use of AWI-Gen data (array data and 
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