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Abstract

Breast cancer is the second most common cancer in South African black women. The
contribution of common genetic variants to breast cancer risk is well studied in non-African
populations, but little is known about their role in resident African populations, and there are no
published genome-wide association studies (GWAS) on breast cancer in Africa. This PhD thesis
aimed to determine the contribution of common genetic variants to breast cancer in a South

African black population.

A GWAS was carried out in 2,573 black female breast cancer patients from the Johannesburg
Cancer Study and 744 population-matched, female controls from the AWI-Gen study. All
participants were from Soweto, Johannesburg, South Africa. Samples were genotyped on the
H3Africa SNP array. Replication testing was done of existing loci from European and African
American (AA) populations in the resident African data, and loci from the resident African data
in European and AA populations. A meta-analysis was carried out with an AA population. Finally,

existing polygenic risk scores (PRSs) were tested in the resident African dataset.

Three variants at two loci were strongly associated with breast cancer in this study. Two variants
(rs77422433, p-value=2.89x10°8, odds ratio (OR):0.46, 95% confidence interval (95%Cl): 0.40-
0.52 and rs112410019, p-value=3.01x10"8, OR: 0.47, 95%Cl: 0.41-0.53) were located within the
DNA repair gene XRCC5. These variants were not previously associated with breast cancer,
suggesting that it may be an African specific risk locus. The second locus is on chromosome 16 in
CES5A (rs3859109, p-value=4.54x10"°8, OR=0.70, 95%Cl: 0.68-0.73), and had not previously been
associated with breast cancer. None of these SNPs were replicated in European and AA
populations. The meta-analysis with AA data revealed strong association of an intergenic SNP
with breast cancer (rs139299680, pmeta=7.25x10"°) on chromosome 3. A polygenic risk score
(PRS) developed in European populations demonstrated poor transferability to this African

dataset.
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This GWAS is the first to be conducted in a resident black African population. This study
suggests that there may be African-specific genetic risk factors for African breast cancer, and
that large genome-wide studies in African populations are essential to develop a comprehensive

understanding of the genetics of breast cancer in Africa.
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Chapter 1: Introduction

1.1. Breast Cancer Overview

Breast cancer was the most common cancer to be diagnosed in the world in 2020 and is the
most common cause of death in women worldwide (Sung et al., 2021). The International Agency
for Research on Cancer (IARC) estimated that in 2020 there were more than 2.26 million new
breast cancer cases, and more than half a million deaths due to breast cancer worldwide (Figure
1.1) (Sung et al., 2021). The IARC reports that in 2020 there were 186,598 breast cancer cases
recorded in Africa which accounted for approximately 8% of the cases worldwide, and this is
predicted to increase due to urbanisation affecting lifestyle changes (Lukong et al., 2017).
However, the IARC cancer incidence report includes data for less than 50% of sub-Saharan
African countries as not all of them have high-quality cancer registries (Wild et al., 2020). Thus it
is likely that the incidence of breast cancer in Africa is under-reported owing to the lack of
infrastructure for cancer diagnosis in resource-constrained countries (Agyepong et al., 2017,

Cumber et al., 2017; Wild et al., 2020; Anyigba et al., 2021).
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Figure 0.1: Estimated age-standardised incidence rates (ASR) (World) in 2020 for
breast cancer, all ages, females only. Image shows high rates of BC in first world
countries. Rates in South Africa are increasing, compared to many other SSA
countries. GLOBOCAN 2021. (Sung et al., 2021).



While countries in sub-Saharan Africa are heavily burdened with communicable diseases such as
HIV/AIDS, malaria and tuberculosis, there is an added strain on the healthcare system with the
increase of non-communicable diseases such as respiratory diseases, diabetes, cardiovascular
diseases and cancer (Roth et al., 2018; Gouda et al., 2019). This results in women having limited
access to medical facilities, with restricted and delayed options for treatment and therefore,
high mortality rates (Barr et al., 2016; Agyepong et al., 2017). Genetic research on cancer is
given less priority given pressing concerns regarding HIV/AIDS, malaria and tuberculosis

infections in sub-Saharan Africa (Ngoma and Ngoma, 2019).

The mortality from breast cancer remains one of the highest in the world. The age-standardised
breast cancer mortality rate in sub-Saharan Africa is 19.3 per 100 000 people which is higher
compared to the European rate of 14.8 per 100,000 people and even higher when compared to
North America’s mortality rate of 12.5 per 100,000 people (Sung et al., 2021). High-income
countries (HICs), before the COVID-19 pandemic, had substantially reduced their burden of
communicable diseases and focused most of their healthcare staff and funding on non-
communicable diseases such as cancer. However, low-and-middle-income countries (LMICs)
that include most of the countries in Africa are having to cope with high rates of infectious
diseases such as tuberculosis, malaria, HIV/AIDS and Ebola (Barr et al., 2016; Agyepong et al.,
2017). These diseases consume most healthcare resources, leaving little funding, time and staff
dedicated to cancer care, leading to higher early mortality. For example, women in public
hospitals in South Africa face extensive delays in receiving breast cancer treatment, which is
associated with worse survival (Pumpalova et al., 2022). These delays are attributed to various

factors, including ethnicity, level of education and living distance from a hospital.

This introduction will discuss the epidemiology of breast cancer, the types of breast cancer and
the genetic risk factors associated with breast cancer. It also reviews the approaches used to
identify genetic variants that are associated with breast cancer, and the progress that has been
made in European versus African populations. Finally, the potential clinical uses of the data

generated from genetic studies such as polygenic risk scores are discussed.



1.2. Types of breast cancer

Breast cancer is a very heterogeneous disease, and can be classified histologically and using
molecular markers. Histologically, there are two main types of cancers: lobular and ductal
breast cancer, with ductal carcinoma being more common (Tavassoli and Devilee, 2003; Loibl et
al., 2021). Classifying breast cancer further according to a molecular subtype is based on the
presence or absence of three main receptors that are expressed by breast cancer cells: the
hormone receptors oestrogen receptor (ER) and progesterone receptor (PR), and the human
epidermal growth factor receptor 2 (HER2) (Perou et al., 2000; Sgrlie et al., 2001; Loibl et al.,
2021). Luminal A breast cancers are ER+/PR+/HER2-, luminal B are ER+/PR-/HER2+, HER2
positive are ER-/PR-, and basal-like are ER-/PR-/HER2-.

Triple-negative breast cancers (TNBC) are ER-/PR-/HER2-. A proliferation marker protein Ki-67
helps to differentiate between luminal A breast cancers and luminal B, HER2+ and TNBC breast
cancers. The advent of high throughput DNA sequencing technology has enabled a more
detailed classification of breast cancers based on somatic mutations in tumour tissue that
define the molecular pathways involved. The classification of tumours can inform treatment

strategies, as discussed in section 1.3.

1.3. Treatment of breast cancer

The main forms of therapy for breast cancer are either surgery, adjuvant therapy or targeted
therapy. The type of treatment largely depends on the type of breast cancer the patient
presents with and how advanced the disease is. A bilateral mastectomy at the time of diagnosis
as a form of treatment is an option which increases survival rates (Bedrosian et al., 2010). If a
mastectomy is not opted for, breast-conserving surgery is carried out where the tumouir, if
localised, will be removed (Loibl et al., 2021; Trayes and Cokenakes, 2021). Adjuvant therapy
can be given before or after surgery and includes radiotherapy, chemotherapy, hormone
therapy or immunotherapy. Targeted therapies based on the genomic changes in the tumour

can also be carried out (Trayes and Cokenakes, 2021). All therapies aim to reduce the size of the



tumour and the number of cancerous cells in a patient so that the tumour can be removed

surgically (Loibl et al., 2021; Trayes and Cokenakes, 2021).

Radiation can be administered pre- or post-surgery. It is generally used for localised cancers and
has been found to reduce the length of treatment. Radiation is reported to induce fewer side
effects when compared to other therapies, such as chemotherapy (Shah et al., 2020).
Chemotherapy is used after surgery but it can also be administered before surgery to shrink the
size of a tumour, or to target metastatic cells (Loibl et al., 2021). It is usually involved in
interfering with DNA replication by preventing mitosis from occurring and therefore preventing
cancer cells from dividing. Both radiation and chemotherapy can be combined with another

type of therapy to increase the effectiveness of the treatment.

Hormone treatment, as the name suggests, targets the hormone receptors of cancer with the
exception of triple-negative breast cancer, or suppresses the production of oestrogen (Abe et
al., 2011; Trayes and Cokenakes, 2021). Cancer cells evade the immune system which enables
them to proliferate in an uncontrolled manner. Immunotherapy can allow the body to identify
and target cancer cells through various approaches including immune checkpoint blockades and
adoptive T-cell therapy. This allows the immune system to kill cancer cells on its own (Barzaman

etal., 2021).

Another form of targeted therapy involves the inhibition of poly (ADP-ribose) polymerase
(PARP). Poly (ADP-ribose) polymerase 1 (PARP1) is important in the maintenance of genome
integrity and DNA repair. Briefly, inhibition of PARP prevents the enzyme from repairing DNA in
cancer cells, prompting cancer cell death (Curtin and Szabo, 2020). This inhibition works
particularly well in cancers with mutations in BRCA1 and BRCA2 which are already partially
deficient in DNA repair, making it an effective form of therapy for BRCA mutation carriers. In

addition, breast cancers positive for HER2 are targeted with Herceptin (trastuzumab), an anti-



HER2 monoclonal antibody (Slamon et al., 2011). This targeted form of therapy has been

successful and improves the over-all survival of patients treated with it (Cameron et al., 2017).

1.4. Screening for breast cancer

The most effective way to improve outcomes for breast cancer patients is early detection.
Screening is key to early detection and can significantly reduce mortality in patients. Types of
screening tools include mammography, ultrasonography and molecular resonance imaging
(MRI) screening (Loibl et al., 2021). Mammography can reduce mortality by 20% (Oeffinger et
al., 2015). MRI screening has greatly improved the detection of breast cancer, particularly in
young women and women with denser breast tissue (Sardanelli et al., 2011). In addition to
these screening methods, genetic screening of high-risk genes can also be carried out, which will

be discussed in section 1.6.

1.5. Epidemiology of Breast Cancer

The epidemiology of breast cancer is complex and the causes are multifactorial, with genetic
risk factors and the environment playing important roles in cancer development
(Momenimovahed and Salehiniya, 2019; Loibl et al., 2021). Many risk factors, such as older age,
lifestyle, environmental factors genetic risk factors and family history (which includes shared
environmental and genetic factors) contribute to the development of breast cancer.
Environmental risk factors include consumption of alcohol, smoking, obesity, low physical
activity, hormonal replacement therapies and radiation exposure (Wild et al., 2020; Loibl et al.,
2021). Genetic risk factors contributing to the development of breast cancer include rare
pathogenic variants (Dorling et al., 2021) or many common variants that, in combination,

increase the risk of developing breast cancer (Maxwell and Nathanson, 2013).

Increased age is an important risk factor for the development of breast cancer, with the risk

doubling with each decade of life until menopause when the risk increases more slowly



(McPherson et al., 2000; Veronesi et al., 2005; Rojas and Stuckey, 2016). Alcohol consumption is
considered a carcinogenic agent, even if consumed at low levels (Shield et al., 2016). Evidence
suggests that consuming 10-15 grams of alcohol per day can increase the risk for the disease
(Freudenheim, 2020). Obesity is another risk factor for breast cancer. A high BMI, particularly in
postmenopausal women, increases the risk of developing breast cancer (Veronesi et al., 2005;
Engin, 2017; Picon-Ruiz et al., 2017; Gravena et al., 2018). Obesity also negatively affects the

response to treatment and survival of patients (Engin, 2017; Lee et al., 2019).

Reproductive and hormonal risk factors include early age of menarche, later age to menopause,
advanced age at first birth, fewer children, less breastfeeding, menopausal hormone therapy,
and oral contraceptives (Hong et al., 2022). The use of hormone replacement therapies has
been shown to increase the risk of developing breast cancer in menopausal and non-
menopausal women. A substantial study, including over 100,000 menopausal women with
cancer and 400,000 controls, supports this risk for menopausal women, specifically, in
developed countries (Group on Hormonal Factors in Breast Cancer, 2021). This study found that
the use of both oestrogen and progesterone for more than five years greatly increases the risk
of developing breast cancer (odds ratio: 2.08, 95% confidence interval (Cl): 2.02-2.15). It should
be noted that this study included women only from developed countries. Similarly, two studies
found that the long-term use (more than five years) of oestrogen and progesterone significantly
increases the risk of breast cancer development in non-menopausal women with odds ratios of
1.28 (95% Cl: 1.13-1.45) (Chlebowski et al., 2020) and 1.79 (95% Cl: 1.73-1.85) (Vinogradova et
al., 2020). Genetic risk factors are also important in breast cancer and will be discussed further

in section 1.6.

1.6. Genetic epidemiology of breast cancer

In the diagnosis of breast cancer, hereditary or familial links were identified as risk factors and
when further investigated, provided strong evidence for a genetic contribution to breast cancer

(Claus et al., 1990; Easton et al., 1993). This led to genetic linkage studies and positional cloning
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being carried out which identified the first genes associated with breast cancer: BRCA1 (Miki et
al., 1994) and BRCA2 (Wooster et al., 1995). Patients with inherited BC, particularly those with
mutations in BRCA1, often present with TNBC (Foulkes et al., 2010). Mutations in these genes
have a dominant effect and confer a high risk of breast cancer development, but appeared to
account for a small number of all breast cancer cases (Claus et al., 1990; Easton et al., 1993;
Melchor and Benitez, 2013). The remaining cases were thought to occur sporadically (Claus et

al., 1990; Easton et al., 1993).

Most of the genes associated with inherited breast cancers (high or moderately high risk of
breast cancer) encode proteins involved in the detection or repair of DNA damage. The BRCA1
and BRCAZ2 proteins, for example, play a role in repairing double-stranded breaks in DNA,
preventing an uncontrolled overgrowth of cells and therefore act as tumour suppressors. Loss-
of-function (LOF) mutations in these genes increase genomic instability, leading to breast cancer
development (Roy et al., 2011; Savage and Harkin, 2015; Sadeghi et al., 2020). The PALB2
protein, encoded by the PALB2 gene, is recruited by BRCA1 when double-stranded breaks in
DNA are being repaired and the BRCA2 protein is subsequently recruited (Toh et al., 2020). As
technology improved, other high-risk genes with loss of function mutations associated with
breast cancer were discovered including CHEK2 (Meijers-Heijboer et al., 2002), PALB2 (Rahman
et al., 2007) and ATM (Renwick et al., 2006). ATM encodes a protein which plays a key role in
cell cycle checkpoint signalling pathways associated with the cellular response to DNA damage,
and CHEK2 plays a critical role in halting cell cycle progression in response to DNA damage

(Audrey et al., 2022).

The discovery of these genes has had very important consequences for genetic testing for
breast cancer risk. Soon after the US Supreme Court ruled that genes cannot be patented (Justia
US Supreme Court, 2013), gene panels were created to test for the risk of breast cancer that
included the BRCA1 and BRCA2 genes and other genes that were strongly associated with breast
cancer. However, key questions and considerations had to be addressed when designing and

administering these panels.



Easton et al., (2015) discussed how to decide which genes confer a high risk of breast cancer
and should therefore be included in gene panels to test for breast cancer risk. The authors
concluded that more association studies needed to be carried out so that tests could be as
robust as possible. Six years later, a gene panel with 34 susceptibility genes for breast cancer
was sequenced in over 60,000 cases and more than 53,000 controls to establish which of the
expanding number of candidate genes were clearly associated with an increased risk and to
determine the level of risk conferred by mutations in the individual genes (Dorling et al., 2021).
The study found that protein-truncating variants in the BRCA1, BRCA2, ATM, CHEK2 and PALB2
genes conferred a high risk of breast cancer (p-value<0.0001) with odds ratios (ORs) ranging
between 2.10 and 10.57. Protein-truncating variants in BARD1, RAD51C, RAD51D and TP53
conferred a moderate risk (ORs: 1.8-2.25, p-value<0.05). In addition, rare, missense variants in
ATM, BRCA1, CDH1, TP53 and CHEK2 showed evidence of breast cancer risk. New panels should

be designed to include genes that previously were not included.

Panels like these can be used as screening tools to identify carriers of high-risk variants such
that physicians can offer prophylactic treatment to patients with breast cancer to reduce the
risk of developing breast cancer a second time. Despite the importance of these high-risk genes
for genetic testing, they have been reported to be associated with the development of breast
cancer in only 5-7% of cases (Melchor and Benitez, 2013; Lukong et al., 2017), leaving the
remaining patients without insight into the causality of their cancer. The majority of these
remaining cases are sporadic and occur in the general population without evidence of significant
family history. They generally result from a combination of low effect genetic risk variants
individually, in combination with environmental risk factors. The genetic risk is conferred by the
presence of multiple genetic variants such as single-nucleotide polymorphisms (SNPs), which
are relatively common in the population being studied, with allele frequencies of 1% or more.
Each variant individually confers only a small increase in the risk of disease, but the presence of
many such variants together significantly increases the risk of developing breast cancer (Weeks

and Lathrop, 1995; Maxwell and Nathanson, 2013).



The contribution of common variants to breast cancer risk has been investigated through the
use of genome-wide association studies (GWAS), with at least 172 known genetic loci associated
at genome-wide significance with the risk of breast cancer (Lilyquist et al., 2018). Genome-wide
heritability estimates suggest that the known loci explain only about 40% of the heritability
conferred by all common variants on genome-wide SNP arrays (Mavaddat et al., 2019).
Identifying these genes and variants can be used to translate to the clinical landscape by
informing early detection and prevention practices for those at higher genetic risk for

developing breast cancer (Dalivandan et al., 2021).

1.7. Genome-Wide Association Studies

Genome-wide association studies (GWAS) are used to identify common genetic variants that
collectively contribute to disease risk (Bush and Moore, 2012). GWAS can lead to identifying
new genes and variants associated with a phenotype and thus may contribute to the biological
mechanism of the susceptibility to disease. The GWAS approach draws on the common
disease/common variant hypothesis that numerous relatively common variants distributed

across the genome increase the risk of disease (Duncan et al., 2019a).

GWAS do not assume as to which genes or variants are associated with a disorder. Genetic
variants across the genome are genotyped in great numbers and each variant is tested for
association with the phenotype. A case-control study design is commonly used and the strength
of GWAS is that millions of genetic variants spread across the entire genome are screened to
detect variants which differ in frequency between cases and controls, thereby identifying
variants that are associated with the disease phenotype (Dewan et al., 2006; Burton et al.,

2007).

However, if using a genotyping array, not every variant is genotyped in the genome, therefore,

GWAS rely on the use of linkage disequilibrium (LD) to provide better coverage from the subset



of SNPs which are genotyped. LD is the measure of non-independence of two alleles at different
locations, i.e. when two alleles tend to be inherited or observed together more often than
expected (Pritchard and Przeworski, 2001). Many SNPs are inherited together in a block (or
haplotype) so that genotyping one of the variants (a tag SNP) in the block can inform the
genotypes of the other SNPs in the block without having to genotype them all. A reference
panel is used to infer the additional genotypes through the process of imputation. Genotyping
SNPs remains the preferred method for GWAS at present as it is cheaper and much less
computationally intensive than candidate gene or regional DNA sequencing (Hindorff et al.,
2018). Alternatively, whole genome sequencing (WGS) can be used where every base in the
genome is sequenced to identify not only SNPs but also structural variants (Nakagawa and

Fujita, 2018; Rossing et al., 2019).

The majority of GWAS across all phenotypes have been performed in non-African populations.
Figure 1.2 illustrates the relative proportions of GWAS participants from different
regions/ethnicities. Over 70% of all GWAS have been performed using cohorts with
predominantly European participants. Although there is substantial emerging literature on
GWAS in African-American populations (i.e. partial African ancestry) and other ethnic groups,
there remains a paucity of studies in populations resident in sub-Saharan Africa (Huo et al.,

2016; Palmer et al., 2020; Hayat et al., 2021).
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Figure 0.2: Ancestry of GWAS participants over time, as compared with the global
population. Approximately 79% of all GWAS participants are of European descent, despite
Europeans making up only 16% of the world population (Martin et al., 2019).
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Many studies have explored whether genetic signals associated with a wide variety of
phenotypes in European populations transfer to populations of African ancestry. A detailed
study of the transferability of associated DNA markers for lipid traits, for example, detected in
predominantly European populations found that many well-established signals did not replicate
in African populations (Kuchenbaecker et al., 2019). However, a recent study of lipid traits which
included large sample sizes across multiple African populations showed that transferability to
African populations increased with the size of the replication cohort, as did loci with stronger

effect sizes in the European cohorts (Choudhury et al., 2022).

Nonetheless, there are several other possible explanations for the lack of replication of genetic
signals discovered in European studies to African populations. One is that some of the causal
variants arose after the out-of-Africa migrations. Another is that, in general, there is lower LD
across African genomes so the causal variants may be in weaker LD with SNPs that tag the
association well in European populations. Also, some of the causal variants may have different
frequencies or be specific to African populations and thus are not detected in European GWAS
(Choudhury et al., 2020; Sengupta et al., 2021). This highlights the pressing need to perform
GWAS in resident African populations using SNP arrays designed to consider these factors and

capture African genetic diversity.

To help address these issues, the Human, Heredity and Health in Africa (H3Africa) consortium
was started, funded by the National Institutes of Health (USA) and the Wellcome Trust (UK).

(https://h3africa.org/). H3Africa projects have collected samples for over 70,000 participants

across Africa (Mulder et al., 2018). One of these is the Africa Wits-INDEPTH partnership for

Genomic studies (AWI-Gen) (https://h3africa.org/index.php/awi-gen/). The purpose of the AWI-

Gen study is to investigate genomic and environmental factors that influence body composition,
body fat distribution and cardiometabolic disease risk in middle-aged African populations. AWI-
Gen has recruited and genotyped more than 12,000 resident African participants from six
different study sites across four African countries using the H3Africa Custom SNP genotyping
array, which is yielding new insights into genetic factors associated with African cardiometabolic
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diseases and related traits (Boua et al., 2022; Choudhury et al., 2022). One of the study sites
was from the Soweto district of Johannesburg in South Africa and provided a set of female

controls for the genetic studies to be described in this thesis.

1.8. Breast Cancer GWAS in non-African populations

GWAS in non-African populations have identified many variants that affect breast cancer risk.
The first GWAS in breast cancer was carried out in 2007 by Easton et al. (Easton et al., 2007).
This analysis was done in stages, where first, a large number of SNPs were genotyped in a small
cohort. Any SNPs of interest were selected and genotyped in a larger sample set. In the first
stage, a panel of 266,722 SNPs was genotyped in 408 cases with a family history of breast
cancer and 400 controls of Caucasian ancestry. In the second stage, 12,711 SNPs from stage 1
were genotyped in 3,990 cases and 3,916 controls. In the third stage, 30 significant SNPs were
tested for confirmation in 21,860 cases and 22,578 controls, which identified 5 novel,
independent loci strongly associated with breast cancer, four of which contained plausible
candidate genes (FGFR2, LSP1, TNRC9 and MAP3K1). The FGFR2 locus was consistently
replicated in further studies (Hunter et al., 2007; Stacey et al., 2007; Antoniou et al., 2008;
Garcia-Closas et al., 2008), showing an increased risk for breast cancer and supporting the

validity of association studies in discovering risk genes.

A study by the Breast Cancer Association Consortium (BCAC), which included 37,012 cases and
40,069 controls in the second stage of association testing, discovered two new risk loci on
chromosome 3p24 (close to NECK10 and SLC4A7) and chromosome 17g23.2 (close to COX11)
(Ahmed et al., 2009). The Shanghai Breast Cancer study discovered an association at the ESR1
locus which was also replicated in European women (Zheng et al., 2009). Shortly after this, five
new risk loci were identified, including one in the gene LSP1 (Turnbull et al., 2010).
Subsequently, an association at a locus on 9931.2 was found in a study of 1,694 European cases
and 2,365 European controls (Fletcher et al., 2011). Ghoussaini et al. investigated 72 previously

associated hits from two different studies (Ghoussaini et al., 2013). They identified three new
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loci; at 12p11 (near PTHLH, associated with overall breast cancer) and at 12p21 and 21921 (near

NRIP1) associated with ER-positive breast cancer.

More loci associated with breast cancer were discovered by using larger sample sizes,
genotyping more SNPs and doing meta-analyses across studies. This approach was exemplified
by the Collaborative Oncologic Gene-environment Study (COGS) (Michailidou et al., 2013). The
COGS study included multiple consortia and was designed to study prostrate, breast and ovarian
cancer using an SNP genotyping array from lllumina (iCOGS) that genotyped 200,000 SNPs.
These SNPs were genotyped in 45,290 cases and 41,880 controls of European ancestry from 41
studies in the Breast Cancer Association Consortium (BCAC). This identified 41 new breast
cancer risk loci (Michailidou et al., 2013), bringing the total number of replicated loci to 68.
Michailidou et al. later performed a meta-analysis that included 11 GWAS to identify 15 new

breast cancer risk loci (Michailidou et al., 2015).

A more recent breast cancer GWAS included 570,000 SNPs using the Illumina OncoArray
BeadChip (Amos et al., 2017). The genotyped SNPs were imputed to approximately 11.8 million
SNPs for analysis (Michailidou et al., 2017). The results of 61,282 breast cancer cases and 45,494
controls were used in a meta-analysis with results from iCOGS and 11 other GWAS studies
(Michailidou et al., 2017). There were 122,977 cases and 105,974 controls of European ancestry,
and 14,068 cases and 13,104 controls of East Asian ancestry. This study identified 65 new risk
loci at genome-wide significance and replicated 49 previously identified loci. It should be noted
that the majority of these studies included mostly European individuals and some individuals of
East Asian ancestry. A review by Lilyquist et al., (2018) summarises all 172 risk SNPs, which
account for approximately 18% of relative risk. More recently, a fine-mapping study which
combined association data with functional annotations identified 205 independent risk loci

which co-localised with 191 potential target genes (Fachal et al., 2020).
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1.9. GWAS in African American populations

Given the differences in genomic architecture between individuals of European and African
ancestry, and within African populations themselves (Choudhury et al., 2020), the paucity of
data in these populations should lead to more GWAS being done to discover common and
African-specific breast cancer risk variants. While there is no breast cancer GWAS comprising
only resident sub-Saharan African populations (Hayat et al., 2021), several association studies
have been carried out in African American women. Some of these investigated known risk loci
and candidate genes in African American populations. In 2013, 67 known breast cancer risk loci
were investigated in a modest sample size of 1,231 cases and 2,069 controls (Long et al., 2013).
Only seven SNPs were potentially associated (p-value<0.05) with breast cancer risk, suggesting
that not all breast cancer risk loci in European women are associated with African American

women.

A study that included both African American women (cases=1,004) and European women
(cases=1,718) was carried out by Haiman et al. which identified a new locus: TERT-CLPTM1L
(Haiman et al., 2011). This was a multi-ethnic study and African American-only GWAS analysis
had not yet been done at that time. Three African American consortia for breast cancer were
created: GWAS in Breast Cancer in the African Diaspora (ROOT), African American Breast Cancer
(AABC), and African American Breast Cancer Epidemiology and Risk (AMBER) (Chen et al., 2011;
Huo et al., 2012; Palmer et al., 2014). The three consortia included a combined total of just
under 11,000 cases and approximately 12,000 controls. The ROOT and AABC consortia were
included in a GWAS (Huo et al., 2012; Chen et al., 2013), where no variants were found to be
associated with breast cancer at a genome-wide significance level. Three SNPs were found to be
associated with breast cancer at genome-wide significance in a meta-analysis (Huo et al., 2016).
An SNP upstream of TNFSF10 (rs13074711) was significantly associated (p-value<5x10°8) with
ER-negative breast cancer, as was rs10069690 in TERT. The third SNP, rs12998806 on

chromosome 2, was significantly associated with the risk of ER-positive breast cancer.
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Finally, Ruiz-Narvaez et al. (2016) used admixture mapping to identify two known loci associated
with breast cancer, as well as two novel, regional loci associated with breast cancer in women of
African ancestry (Ruiz-Narvéez et al., 2016). The two novel associations, 4p16.1 (p-value4.00x10
6) and 17¢25.1 (p-valuel.6x10°%) were associated with ER-positive breast cancer by admixture

mapping criteria.

Several recent studies have been carried out that include women of African ancestry. A cross-
ancestry approach which used a meta-analysis of African ancestry cohorts with European
ancestry cohorts from the very large BCAC study reported the discovery of four loci associated
with breast cancer risk, with relatively modest contributions from the African cohorts
(Adedokun et al., 2021). A candidate gene study from the AMBER consortium reported limited

evidence of association with anti-Mullerian hormone-related genes (Nichols et al., 2021).

1.10. Breast Cancer GWAS in sub-Saharan Africa

In contrast to the existing GWAS carried out in individuals of African ancestry, there are no
reports of GWAS done on breast cancer in resident sub-Saharan African populations. Several
candidate gene studies and attempts at replication of specific SNPs associated with breast
cancer have been done (Hayat et al., 2021). However, these studies had several limitations.
They lacked the power to detect associations with modest effect sizes, and they limited their
search to a few SNPs or a few select genes. In addition, no GWAS have been reported on breast
cancer in South African black women. A review (Hayat et al., 2021) summarises the genetic
studies done on breast cancer in sub-Saharan African populations and highlights that there are
no GWAS in resident sub-Saharan African populations. These studies will be covered in detail in

Chapter 2.
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1.11. Polygenic Risk Scores

An exciting and relatively recent development of post-GWAS analysis has been the development
of polygenic risk scores (Torkamani et al., 2018). A GWAS identifies many SNPs that, individually,
have a small effect on the phenotype, limiting their predictive power (Choi et al., 2020). GWAS
were found to identify mutations associated with a phenotype, however, there was always the
matter of missing heritability, the SNPs that were associated with a phenotype at a significant p-
value did not completely explain the heritability of the trait (Maher, 2008). In 2010, Yang et al.
found that by combining many SNPs that have a small effect, the risk of developing a particular
phenotype can be estimated (Yang et al., 2010). This led to the development of polygenic risk
score methods (Dudbridge, 2013). Conventionally, a polygenic risk score computes a score by
taking the sum of the risk alleles of each individual in a GWAS and applying a weight by the size
of the effect of an individual SNP on the phenotype (Dudbridge, 2013). Studies have shown that
polygenic risk score calculations using SNPs other than those that pass the genome-wide
significance p-valuethreshold can be more predictive (Mavaddat et al., 2019). Different methods
have been developed to create polygenic risk scores, such as clumping and pruning methods
whereby SNPs are selected based on LD (i.e. SNPs in a specified window are removed if they fall
below a certain r? value) and calculating the score by including the SNPs that meet a particular
p-valuethreshold for association with the phenotype. This method is used by PLINK (Chang et
al., 2015) and PRSice-2 (Choi and O’Reilly, 2019) to compute polygenic risk scores. LDpred uses a
different method (Vilhjalmsson et al., 2015) by calculating the score without using a subset of

SNPs and only using summary statistics (effect sizes) and LD information.

Using the clumping and pruning method in an African population is the more suitable option.
African populations have higher levels of genomic diversity and smaller LD blocks compared to
non-African popuatlions. Populations may also exhibit different MAF for SNPs that are
associated with a trait in a European population. To illustrate this, Yengo, et al (2020)
demonstrated that LD and allele frequency differences explained 70-80% of the loss of value of
the relative accuracy of European derived PRSs in an African population (Wang et al., 2020).

Therefore, taking into account LD patterns in a population can greatly aid in selecting
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appropriate SNPs to create a risk score as opposed to only selecting those with a low p-value. A
new tool called PRS-SCx which has been developed for multi-ethnic PRSs leverages on LD
patterns which highlights the importance of taking this into account when developing a PRS and

demonstrating its efficacy (Ruan et al., 2022).

It must be noted that most GWAS have been carried out in non-African populations, and
therefore most polygenic risk scores show better predictability in these populations. Applying
polygenic risk scores trained in a European population to another European population
generally is expected to provide good predictability of risk. However, applying the same risk
score to an African population produces poor levels of risk prediction (Cavazos and Witte, 2021).
A study of lipid traits showed that polygenic risk scores derived from data from African
American individuals improved prediction in sub-Saharan African populations compared to
European and multi-ancestry scores (Kamiza et al., 2022). This again highlights the need for
more GWAS in sub-Saharan African populations so that risk scores can be developed in African

populations to improve predictability.

The potential of a polygenic risk score for the stratification of disease risk is exemplified by
studies in breast cancer. Mavaddat et al. developed a polygenic risk score using 313 SNPs and
estimated that the lifetime absolute risk by age 80 years for ER-positive breast cancer ranged
from 2% for women in the lowest centile of the polygenic risk score to 31% in the highest centile
(Mavaddat et al., 2019). Risk prediction in breast cancer can be further improved by the
inclusion of a range of risk factors such as family history, rare pathogenic variants in cancer
susceptibility genes, polygenic risk, lifestyle, hormonal and imaging risk factors in the analysis,

and a web-based tool (CanRisk) has been developed for this purpose (Carver et al., 2021).

This PhD research project is motivated by the lack of knowledge on the genetics of breast
cancer in resident African populations, specifically in the South African black population. The

information derived from this study has the potential to identify genetic risk loci for breast
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cancer in an African population, some of which may be African-specific. This in turn could lead
to a better understanding of breast cancer aetiology in South African black women.
Furthermore, the results from this study could form the basis for the future development of
polygenic risk scores to identify, in combination with other known risk factors, individuals who

are at increased risk of developing breast cancer.

1.12. Study Aim and Objectives

The aim of this study was to identify common genetic variants that contribute to the risk of

developing breast cancer in South African black populations. The specific objectives were:

1. To identify genetic risk factors for breast cancer in a South African black population through
a GWAS approach using the H3Africa SNP array.

2. To perform fine-mapping of African breast cancer risk loci to identify potentially causal
genes and variants.

3. To test known breast cancer genetic risk loci identified in other populations for association
with breast cancer in South African black populations.

4. To test novel genetic risk factors associated with breast cancer in South African black
populations for replication in other populations.

5. To test breast cancer PRSs generated in other populations in a South African black
population.

6. To carry out a meta-analysis with data from an African American population.

In chapter 2 of this thesis, all association studies and GWAS for breast cancer that have been
done in sub-Saharan Africa will be reviewed. This is followed by Chapter 3 which describes the
methods used to carry out this GWAS in a South African black population. Chapter 4 will present
the results of the study, and finally, in chapter 5 the value and limitations of the results will be

discussed and a way forward suggested for future studies.
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Chapter 2: Breast Cancer Genetics in sub-Saharan African
Populations

This chapter is composed of two parts. Sections 2.1 — 2.4 are the scoping review | published on
this topic in JCO Global Oncology in 2021, which covered papers published up to 01 April 2020.
Section 2.5 is an updated description of papers published between 02 April 2020 and 22 July
2022.

2.1 Introduction

Breast cancer is the most common cancer among African women, and is the second most
common cause of cancer deaths in Africa as estimated by Globocan 2018 (Bray et al., 2018).
Cancer incidence is increasing in Africa (Bray et al., 2018), and is associated largely with lifestyle
changes resulting from increased urbanisation (Lukong et al., 2017). Ferlay et al (Ferlay et al.,
2019) predicted a 49% increase in breast cancer incidence across Africa between 2018 and 2040,
an increase faster than any other region in the world. The International Association of Cancer
Registries (IACR) cancer incidence report includes data for only 20 of 46 Sub-Saharan African
countries (Wild et al., 2020), and it is likely that the incidence of breast cancer is under-reported
owing to the lack of infrastructure for cancer diagnosis in resource-constrained countries in Sub-
Saharan Africa (Cumber et al., 2017). Also, owing to the large burden of communicable and other
non-communicable diseases in SSA, most resources are directed at controlling these diseases
(Roth et al., 2018; Gouda et al., 2019). Cancer research, especially molecular research, in Sub-
Saharan Africa is often deprioritized against other pressing public health concerns (Ngoma and

Ngoma, 2019).

The epidemiology of breast cancer is complex and the causes are multifactorial, with genetic risk
factors and the environment playing important roles in cancer development (Momenimovahed
and Salehiniya, 2019). Genetic risk factors contributing to the development of breast cancer

include rare, pathogenic variants (Dorling et al., 2021) or many common variants that, in
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combination, increase the risk of developing breast cancer (Maxwell and Nathanson, 2013).
Familial or hereditary breast cancer is associated with rare variants which significantly increase
the risk of developing breast cancer, and occur in genes such as BRCA1, BRCA2, PTEN, FGFR2,
CHEK2, TP53, PALB2, ATM and XRCC2. Hereditary breast cancer accounts for only 5-7% of all cases
of breast cancer (Lukong et al., 2017). The contribution of rare variants with moderate to high
penetrance for breast cancer risk has been reviewed recently by Nguyen et al., (2019). The other
category is breast cancer which occurs in the general population without evidence of significant
family history and results from a combination of genetic and environmental risk factors. The
genetic risk is conferred by the presence of multiple genetic variants such as single nucleotide
polymorphisms (SNPs), which are relatively common in the population being studied, with allele

frequencies of 1% or more.

Each variant individually confers only a small increase in the risk of disease but the presence of
many such variants together significantly increases the risk of developing breast cancer (Weeks
and Lathrop, 1995; Maxwell and Nathanson, 2013). The contribution of common variants to
breast cancer risk has been investigated through the use of genome-wide association studies
(GWAS), with at least 172 known genetic loci associated at genome-wide significance with the

risk of breast cancer (Lilyquist et al., 2018).

The majority of studies into the molecular aetiology of breast cancer have been done in non-
African populations, although there is a substantial emerging literature on the genetics of breast
cancer in African-American populations (Huo et al., 2016; Palmer et al., 2020). However,
published data on resident black African populations from continental Africa are much more
limited. This scoping review aims to summarise genetic studies on breast cancer risk that have
been conducted in resident black Sub-Saharan African populations and to identify potential gaps

in knowledge and research opportunities.
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2.2 Methods

The research question for this review was: “What knowledge exists on the association of germline
genetic variants with familial or sporadic breast cancer in black populations resident in sub-
Saharan Africa?”. This review follows the framework for scoping studies according to Arksey, H,
et al (2005) (Arksey and O’Malley, 2005). We chose to carry out a scoping review rather than a
systematic review based on the criteria described in Munn et al., (2018). A scoping review is more
appropriate since there is a limited body of evidence in Sub-Saharan Africa, and our purpose was
to scope the available evidence on breast cancer genetics in Sub-Saharan Africa and to identify

gaps in knowledge and limitations in methodological approaches.

PubMed and SCOPUS were used to search the literature and only original research articles written
in English were included. All studies published on or before the 1%t of April 2020 were included.
Review articles were excluded. Only studies including data from Sub-Saharan African populations
were included. A comprehensive combination of keywords was used to identify genetic studies

on participants resident in Sub-Saharan African countries (Table 2.1).

Table 0.1. Keywords and combinations of keywords used to search the literature using PubMed

Search no. | Keywords Field searched
#1 breast cancer and variant Title/Abstract
#2 breast cancer and variants Title/Abstract
#3 breast cancer and mutation  Title/Abstract
#4 breast cancer and Title/Abstract
mutations
#5 breast cancer and germline Title/Abstract
#6 breast cancer and Title/Abstract
hereditary
#7 breast cancer and inherited  Title/Abstract
#8 breast cancer and genetic Title/Abstract
#9 breast cancer and genetics Title/Abstract
#10 breast cancer and genomic Title/Abstract
#11 breast cancer and genomics  Title/Abstract
#12 breast cancer and genome-  Title/Abstract
wide
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#13 breast cancer and GWAS Title/Abstract

#14 breast cancer and Title/Abstract
associated
#15 #1 OR #2 OR #3 OR #4 OR #5 OR #6 OR #7 OR #8 OR #9 OR #10 OR #11 OR #12 OR #13 OR #14
#16 (africa) OR (african) OR (angola) OR (benin) OR (botswana) OR (burkina faso) OR (burundi) OR (cameroon)

OR (central african republic) OR (chad) OR (comoros) OR (congo) OR (democratic republic of congo) OR (DRC)
OR (djibouti) OR (equitorial guinea) OR (eritrea) OR (ethiopia) OR (gabon) OR (gambia) OR (ghana) OR
(guinea) OR (bissau) OR (ivory coast) OR (kenya) OR (lesotho) OR (liberia) OR (malawi) OR (mali) OR
(mauritania) OR (mozambique) OR (namibia) OR (niger) OR (nigeria) OR (rwanda) OR (senegal) OR (sierra
leone) OR (somalia) OR (south africa) OR (sudan) OR (swaziland) OR (tanzania) OR (togo) OR (uganda) OR
(zaire) OR (zambia) OR (zimbabwe) OR (central africa) OR (west africa) OR (east africa) OR (southern africa)

OR (sub saharan africa), Field: Title/Abstract

#17 #15 AND #16

The entire search looked like this:

(CCCCCCCeCceeceeceeceeceeceeceeccecceceeceececcec(c(africalTitle/Abstract]) OR (african[Title/Abstract])) OR (angola[Title/Abstract]))
OR (benin[Title/Abstract])) OR (botswanalTitle/Abstract])) OR (burkina faso[Title/Abstract])) OR
(burundi[Title/Abstract])) OR (cameroon[Title/Abstract])) OR (central african republic[Title/Abstract])) OR
(chad(Title/Abstract])) OR (comoros[Title/Abstract])) OR (congo[Title/Abstract])) OR (democratic republic of
congo[Title/Abstract])) OR (DRC[Title/Abstract])) OR (djibouti[Title/Abstract])) OR (equitorial guinea[Title/Abstract])) OR
(eritrea[Title/Abstract])) OR (ethiopia[Title/Abstract])) OR (gabon[Title/Abstract])) OR (gambia[Title/Abstract])) OR
(ghana[Title/Abstract])) OR (guinea[Title/Abstract])) OR (bissau[Title/Abstract])) OR (ivory coast[Title/Abstract])) OR
(kenya[Title/Abstract])) OR (lesotho[Title/Abstract])) OR (liberia[Title/Abstract])) OR (malawi[Title/Abstract])) OR
(mali[Title/Abstract])) OR (mauritania[Title/Abstract])) OR (mozambique[Title/Abstract])) OR (namibia[Title/Abstract]))
OR (niger|[Title/Abstract])) OR (nigeria[Title/Abstract])) OR (rwanda[Title/Abstract])) OR (senegal[Title/Abstract])) OR
(sierra leone[Title/Abstract])) OR (somalia[Title/Abstract])) OR (south africa[Title/Abstract])) OR (sudan[Title/Abstract]))
OR (swaziland[Title/Abstract])) OR (tanzania[Title/Abstract])) OR (togo[Title/Abstract])) OR (uganda[Title/Abstract])) OR
(zaire[Title/Abstract])) OR (zambia[Title/Abstract])) OR (zimbabwe[Title/Abstract])) OR (central africa[Title/Abstract]))
OR (west africa[Title/Abstract])) OR (east africa[Title/Abstract])) OR (southern africa[Title/Abstract])) OR (sub saharan
africa[Title/Abstract])) AND (((((((((((((breast cancer[Title/Abstract]) AND (variant[Title/Abstract])) OR ((breast
cancer|[Title/Abstract]) AND (variants[Title/Abstract]))) OR ((breast cancer[Title/Abstract]) AND
(mutation[Title/Abstract]))) OR ((breast cancer[Title/Abstract]) AND (mutations[Title/Abstract]))) OR ((breast
cancer[Title/Abstract]) AND (germline[Title/Abstract]))) OR ((breast cancer[Title/Abstract]) AND
(hereditary[Title/Abstract]))) OR ((breast cancer[Title/Abstract]) AND (inherited[Title/Abstract]))) OR ((breast
cancer[Title/Abstract]) AND (genetic[Title/Abstract]))) OR ((breast cancer[Title/Abstract]) AND
(genetics[Title/Abstract]))) OR ((breast cancer[Title/Abstract]) AND (GWAS[Title/Abstract]))) OR ((breast
cancer[Title/Abstract]) AND (genome wide[Title/Abstract]))) OR ((breast cancer[Title/Abstract]) AND

(association[Title/Abstract])))
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2.2.1 Article selection and data extraction

The selection of appropriate studies was carried out according to the following criteria: original
research articles that studied inherited variants associated with breast cancer in resident Sub-
Saharan African populations. Screening of titles and abstracts for all papers was done
independently by the lead authors (MH & WCC) and papers were included based on consensus
agreements between them. If there was uncertainty in deciding whether a study was relevant,
the full article was read to make a final decision. Studies of South African women of European,
Indian or mixed ancestry were excluded. If the abstract or full text of a study could not be
accessed, it was excluded from this study. The following information was extracted: PMID, year
of study, population, sample size, key findings (variants, genes), the predicted pathogenicity of
variants, methodology and a brief summary of the study. Rare variants were considered of
interest if predicted to be deleterious by variant effect predictor tools and/or significantly

enriched in breast cancer cases compared to controls.

2.3 Results

Using the comprehensive list of keywords to search, PubMed identified a total of 1,029 articles
(Figure 2.1). Scanning the titles and the abstracts led to exclusion of 1002 studies as they were
not breast cancer genetic studies, did not include samples from Sub-Saharan Africa, or were
reviews, leaving 27 which met the broad inclusion criteria. A further four studies were excluded
after full-text evaluation as they were conducted in African-American populations and our aim
was specifically to review studies of breast cancer genetics in sub-Saharan African populations.
One study was removed as it only investigated tumour DNA. The search in SCOPUS did not yield

any additional eligible articles.
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Articles found by
PubMed search
(N =1,029)

Articles excluded from title and (n = 1,002)
abstract scan

Not a genetic study {n = 665)
Not a SSA study (n = 300)
[ Reviews (n=21)
Not a BC study (n=14)
Not a human study (n=1)
Article could not be found n=1)

Articles for
full-text evaluation
(n=27)

Articles excluded (n=5)
—— Tumor DNA study n=1)
No resident SSA data (n = 4)

Included articles
(n=22)

Figure 0.1: Process of selection of papers.
Process of selection of papers. The selection criteria were germline genetic studies focusing on BC
and carried out in a sub-Saharan African population(s). BC, breast cancer; SSA, sub-Saharan Africa.

The remaining 22 papers were included and assessed in this review (Gao et al., 2000; Okobia et
al., 2008, 2009; Zhang et al., 2009, 2012; Diez et al., 2011; van der Merwe et al., 2012; Fackenthal
et al.,, 2012; Mvila et al., 2014; Francies et al., 2015; Zheng et al., 2018; Zoure et al., 2018;
Habyarimana, et al., 2018a, 2018b, 2018c; 2018; Ahmed et al., 2019; Kiendrebeogo et al., 2019;
Sagna et al., 2019; Diop et al., 2019; Adedokun et al., 2020; Ndiaye et al., 2020; Torrorey-Sawe et
al., 2020). Of these, 16 were rare variant studies (Gao et al., 2000; Zhang et al., 2009, 2012; Diez
etal., 2011; van der Merwe et al., 2012; Fackenthal et al., 2012; Mvila et al., 2014; Francies et al.,
2015; Zheng et al., 2018; Zoure et al., 2018; Habyarimana, Attaleb, et al., 2018b; Diop et al., 2019;
Sagna et al., 2019; Adedokun et al., 2020; Torrorey-Sawe et al., 2020; Ndiaye et al., 2020), and
the remaining six investigated a few common variants in small sample sizes (Okobia et al., 2008,
2009; Habyarimana, Attaleb, et al., 2018a; Habyarimana, Bakri, et al., 2018; Ahmed et al., 2019;
Kiendrebeogo et al., 2019). The studies used either protein truncation tests, variant-specific PCR
assays, sequencing of genes, exons or coding regions or gene panel sequencing to identify
variants. There were no GWAS among the 22 papers. The studies in this review included
populations from 10 of the 46 Sub-Saharan African countries: Burkina Faso (Zoure et al., 2018;

Kiendrebeogo et al., 2019; Sagna et al., 2019), Cameroon (Adedokun et al., 2020), Democratic
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Republic of Congo (DRC) (Mvila et al., 2014), Ethiopia (Ahmed et al., 2019), Kenya (Torrorey-Sawe
et al., 2020), Nigeria (Gao et al., 2000; Okobia et al., 2008, 2009; Zhang et al., 2009, 2012;
Fackenthal et al., 2012; Zheng et al., 2018), Rwanda (Habyarimana, Attaleb, et al., 2018b, 2018a3;
Habyarimana, Bakri, et al., 2018), Senegal (Diez et al., 2011; Diop et al., 2019; Ndiaye et al., 2020),
South Africa (van der Merwe et al., 2012; Francies et al., 2015) and Uganda (Adedokun et al.,
2020).

2.3.1 The contribution of rare variants to breast cancer risk in Sub-Saharan Africa

Among the 22 studies identified, 16 were rare variant studies which involved the screening of
exons of genes of interest for variants with moderate to high penetrance and low population
frequencies. A summary of the rare variant studies including countries of origin of participants
and sample sizes is shown in Table 2.2. Probable pathogenic variants which have been detected
in two or more patients are listed in Table 2.3. Some of the rare variant studies (6/16)
genotyped only a few specific variants which had been identified previously in other
populations. In 14 of the 16 studies variants were identified in one or more known breast cancer
susceptibility genes, with sample sizes ranging from 1 to 1,136 breast cancer patients. The
largest and most comprehensive of these, which built on previous studies in the Nigerian
population, used the BROCA gene panel (Shirts et al., 2016) to sequence the exons of 25 genes
for variants in 1,136 Nigerian women with breast cancer and in 997 Nigerian female controls
(Zheng et al., 2018). Variants predicted to be deleterious were detected in 16 genes, including
BRCA1, BRCA2, PALB2 and TP53. Deleterious variants were detected in 14.7% of breast cancer
patients and 1.8% of controls. Carriers of mutations in BRCA1 and TP53 had a significantly
younger age at diagnosis than non-carriers, and BRCA1 mutation carriers were more likely to
have triple-negative breast cancer (TNBC). The majority of patients for whom tumour stage was
available were stage Il (41.8%) or stage IV (42.6%), but no association of tumour stage with
mutation status was reported. Four other previous studies of BRCA1 and BRCA2 in Nigerian
breast cancer patients are summarised in Table 2.2 and mutations detected are listed in Table

2.2.
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Table 0.2. Studies of rare variants in breast cancer genes in Sub-Saharan Africa

BC Variants
Methodology Country Controls Reference
cases detected?®
(Torrorey-Sawe et al.,
Whole exome sequencing | Kenya 13 0 1
2020)
BRCA1/BRCA2, Sanger
Senegal 27 90 1 (Ndiaye et al., 2020)
sequencing
(Habyarimana, et al.,
CHEK2 sequencing Rwanda 41 42 0
2018c)
BRCA1/BRCA2 sequencing | Nigeria 434 0 29 (Fackenthal et al., 2012)
BRCA1/2 testing , founder | South Africa (van der Merwe et al.,
16 0 1
variants, PTT (Xhosa) 2012)
Allele-specific PCR Nigeria 365 117 1 (zhang et al., 2009)
SSCP and protein
Nigeria 70 0 3 (Gao et al., 2000)
truncation test
BRCA2 exon sequencing Senegal 33 96 1 (Diop et al., 2019)
Cameroon
Gene panel sequencing 196 185 34 (Adedokun et al., 2020)
& Uganda
Sequencing of coding Burkina
9 0 0 (Sagna et al., 2019)
regions of genes Faso
BROCA gene panel
Nigeria 1136 611 106 (zheng et al., 2018)
sequencing
NGS of BRCA1/2 and South Africa
85 0 6 (Francies et al., 2015)
PALB2; MLPA (Black)
BRCA1/BRCA2 sequencing | DRC 3 0 1 (Mvila et al., 2014)
BRCA1 sequencing Senegal 1 0 1 (Diez et al., 2011)
BRCA1 sequencing (exons | Burkina
15 0 0 (Zoure et al., 2018)
2,5,11) Faso
SNAPSHOT and
Nigeria 356 0 12 (zhang et al., 2012)
sequencing

BC,

breast cancer; MLPA, multiplex ligation—dependent probe amplification; PCR, polymerase chain reaction; SSA, sub-

Saharan Africa;

SSCP; single-strand conformation polymorphism.
aNumber of pathogenic variants detected.
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A South African study sequenced BRCA1, BRCA2 and PALB2 from several ancestral groups, which
included 85 South African black breast cancer patients (Francies et al.,, 2015), and found
pathogenic variants in BRCA1, BRCA2 and PALB2 in this ethnic subset. The group of TNBC patients
had a higher mutation frequency than the group of patients diagnosed before the age of 50. In
another South African study which included 16 women of Xhosa ancestry with breast cancer, the
same deleterious variant in BRCA2 (p.lle1924ArgTer) was detected in four of 16 patients and is
suggested to be a founder variant in both black and mixed ancestry populations in the Western
Cape Province (van der Merwe et al., 2012). A study of breast cancer patients from Cameroon
and Uganda sequenced 12 known or candidate breast cancer genes in 196 cases and 185 controls
unselected for age at diagnosis or family history (Adedokun et al., 2020) and identified pathogenic
or likely pathogenic variants in 15.8% of breast cancer cases and 1.6% of controls. Their findings
included two patients with a mutation in ATM and single patients with mutations in BARD1, CDH1
and TP53. One of three studies in Senegal identified a duplication of 10 nucleotides in the BRCA1
gene, ¢.815_824dup10, in 15 index cases from families with hereditary breast cancer (Ndiaye et
al., 2020). This duplication was located on the same microsatellite haplotype in all cases and had
previously been reported in breast cancer cases from France, Spain and the United States,
particularly in people of African or Hispanic descent, and is thus a founder mutation likely to be
of West African origin. Whole exome sequencing of 13 breast cancer patients in Kenya (Torrorey-
Sawe et al., 2020) detected five variants of uncertain clinical significance in BRCA1 and BRCA2 as
well as a pathogenic variant in BRCA2. A study in the Democratic Republic of Congo detected a
pathogenic BRCA1 variant in all three affected members of a breast cancer family (Mvila et al.,
2014). However sequencing of BRCA1 and BRCAZ2 in breast cancer patients in Burkina Faso
identified only benign variants in these genes (Zoure et al., 2018; Sagna et al., 2019), and a screen
for germline variants in CHEK2 in Rwandan breast cancer cases and controls were negative

(Habyarimana, et al., 2018c).

In summary, a total of 36 predicted pathogenic variants were detected in two or more breast
cancer patients. These variants, together with their country of origin, are listed in Table 2.3.
Some BRCA1 variants were detected in up to 15 patients, and, as noted above, there are

suggestive founder pathogenic variants in the Senegalese and South African populations.
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Overall, pathogenic variants were detected in at least two patients in the ATM, BARD1, BRCA1,

BRCA2, PALB2 and RAD51C genes. The study of Zheng et al., (2018) in Nigeria suggests that

variants in several other genes may also contribute to breast cancer risk, but the mutations

were too rare to draw firm conclusions on causality.

Table 0.3. Predicted Pathogenic Variants Detected in Two or More African Patients

Gene Variant Variant effect Number of Country Reference
cases
BRCA1 c.80+1G>A splice site 2 Nigeria (zheng et al., 2018)
BRCA1 c.133_134del p.Lys45lleTer 5 Nigeria (zheng et al., 2018)
BRCA1 3 Nigeria (Fackenthal et al., 2012)
c.191G>A p.Cys64Tyr
BRCA1 4 Nigeria (zheng et al., 2018)
BRCA1 4 Nigeria (zhang et al., 2012)
¢.303T>G p.Tyrl01Ter
BRCA1 10 Nigeria (zheng et al., 2018)
BRCA1 | c.815_824dup p.Thr276Ter 15 Senegal (Ndiaye et al., 2020)
BRCA1 c.838dup p.Ala280GlyTer 3 Nigeria (zheng et al., 2018)
BRCA1 2 Nigeria (Fackenthal et al., 2012)
c.1504_1508del p.Leu502AlaTer
BRCA1 3 Nigeria (zheng et al., 2018)
BRCA1 3 Nigeria (Zheng et al., 2018)
¢.1623dup p.Asn542GluTer
BRCA1 4 Nigeria (Fackenthal et al., 2012)
BRCA1 €.2192_2196del p.Lys731ArgTer 2 Nigeria (zheng et al., 2018)
BRCA1 c.2329del p.Tyr777MetTer | 4 Nigeria (zheng et al., 2018)
BRCA1 €.2864C>A p.Ser955Ter 3 Nigeria (Zheng et al., 2018)
BRCA1 2 Nigeria (Fackenthal et al., 2012)
BRCA1 €.3268C>T p.GIn1090Ter 4 Nigeria (zheng et al., 2018)
BRCA1 2 Nigeria (Gao et al., 2000)
BRCA1 c.3637_3638del p.Glu1213ArgTer | 2 Nigeria (Zheng et al., 2018)
BRCA1 3 Nigeria (Fackenthal et al., 2012)
c.4122_4123del p.Ser1374ArgTer
BRCA1 3 Nigeria (zheng et al., 2018)
BRCA1 c.4240dup p.Leul414ProTer | 2 Nigeria (Fackenthal et al., 2012)
BRCA1 c.4484G>T p.Argl495Met 3 Cameroon (Adedokun et al., 2020)
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BRCA1 €.4986+6T>C splice site Cameroon (Adedokun et al., 2020)
BRCA1 c.4992C>T splice site Nigeria (zheng et al., 2018)
BRCA1 c.5095C>T p.Argl699Trp Nigeria (zheng et al., 2018)
BRCA1 ¢.5177_5180del p.Argl726LysTer Nigeria (Zheng et al., 2018)
BRCA1 Nigeria (Fackenthal et al., 2012)
€.5324T>G p.Met1775Arg
BRCA1 Nigeria (zheng et al., 2018)
BRCA2 c.93G>A p.Trp31Ter Nigeria (zheng et al., 2018)
BRCA2 Nigeria (Fackenthal et al., 2012)
¢.1310_1313del p.Lys437lleTer
BRCA2 Nigeria (zheng et al., 2018)
BRCA2 c.1796_1800del p.Ser599Ter Nigeria (Zheng et al., 2018)
BRCA2 Nigeria (Fackenthal et al., 2012)
€.2402_2412del p.Asn801lleTer
BRCA2 Nigeria (zheng et al., 2018)
BRCA2 | c.2808_2811del p.Ala938ProTer Nigeria (zheng et al., 2018)
BRCA2 €.5241 5242insTA | p.Ser1748Ter Nigeria (zheng et al., 2018)
BRCA2 c.5286T>G p.Tyrl762Ter Nigeria (zheng et al., 2018)
BRCA2 | c.5771_5774del | p.lle1924ArgTer (S;:tCT()Africa (van der Merwe et al., 2012)
BRCA2 €.8351+2T>C splice site Nigeria (zheng et al., 2018)
BRCA2 c.8817_8820del p.Lys2939AsnTer Nigeria (Fackenthal et al., 2012)
BARD1 | c.1396-1G>A p.Tyrl01Ter Nigeria (zheng et al., 2018)
ATM €.7913G>A p.Trp2638Ter Cameroon (Adedokun et al., 2020)
PALB2 c.2485C>T p.GIn829Ter Nigeria (Zheng et al., 2018)
RAD15C | c.186_187del p.GIn62HisTer Nigeria (zheng et al., 2018)

The number of predicted pathogenic variants found in each gene and the Sub-Saharan African

country where the studies were conducted are summarised in Figure 2.2. The preponderance of

variants of Nigerian origin reflects the much larger and more comprehensive variant studies that

have been conducted on this population (Zheng et al., 2018).
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Figure 0.2: Variant distribution in genes and countries.

This shows how many predicted pathogenic variants were identified in breast cancer
susceptibility genes in each reported sub-Saharan African country. DRC, Democratic Republic
of Congo.

2.3.2 The contribution of common variants to breast cancer risk in Sub-Saharan Africa

Our search did not find any GWAS of breast cancer done exclusively in resident Sub-Saharan
African populations. The genetic association studies carried out in Sub-Saharan African
populations were candidate gene studies which investigated a limited number of common
variants previously associated with breast cancer in other populations. These were genotyped in
relatively small numbers of breast cancer cases and controls and tested for association with
breast cancer and are summarised in Table 2.4. Okobia et al., (2009) genotyped a CYP1B1
polymorphism Val432Leu (c.1294C>G) in breast cancer cases and controls from Southern
Nigeria and found an association of the heterozygous Val/Leu genotype with breast cancer (OR
=1.59,95% Cl 1.01-2.52). The same group genotyped the c.668A>G SNP (GIn223Arg) in the
leptin receptor gene (LEPR) and reported a suggestive association of the 223Arg allele with
disease risk in pre-menopausal women (OR = 1.8, 95% Cl 1.0 — 3.2, p-value0.07) (Okobia et al.,
2008). A study of the glutathione S-transferase null variants in the GSTM1 and GSTT1 genes in
cases and controls from Burkina Faso found no association of the GSTM1-null variant with

breast cancer while the GSTT1-null allele was associated with an increase in breast cancer risk

30



(OR=2.42,95% Cl 1.17-5.02, p-value0.01) (Kiendrebeogo et al., 2019). Investigation of an

initiation codon variant (Met1Arg, rs2228570) in the Vitamin D receptor (VDR) gene in 392

Ethiopian breast cancer cases and controls reported an association of the Arg/Arg (G/G)

genotype with an increased risk of breast cancer (OR=1.44, 95% ClI 1.01-2.06, p-value0.04)

(Ahmed et al., 2019). A lack of association of a functional SNP in the GPX1 gene (p.Pro198Leu)

and the TP53 functional SNP (p.Pro72Arg) with breast cancer was reported in the Rwandese

population (Habyarimana, et al., 2018a, 2018b), but the sample sizes were very small.

Table 0.4. Association Studies of Common Variants in SSA breast cancer

BC Odds ratios
Gene Methodology Variant Country Controls Reference
cases (95% CI)®
(Okobia et al.,
LEPR PCR-RFLP p.GIn223Arg Nigeria 209 209 1.8(1.0-3.2)
2008)
1.59 (1.0- (Okobia et al.,
CYP1B1 | PCR-RFLP p.Leud32Val Nigeria 250 250
2.52) 2009)
Burkina 2.42 (1.17- (Kiendrebeogo et
GSTT1 | PCR Deletion (null) 80 100
Faso 5.02) al., 2019)
1.44 (1.01- (Ahmed et al.,
VDR PCR-RFLP p.Met51Thr Ethiopia 392 193
2.06) 2019)
Not (Habyarimana,
GPX1 Exon sequencing p.Prol198Leu Rwanda 41 42
reported® Bakri, et al., 2018)
(Habyarimana,
Not
TP53 Allele-specific PCR | p.Pro72Arg Rwanda 40 39 Attaleb, et al.,
reported®

2018a)

BC, breast cancer; OR, odds ratio; PCR, polymerase chain reaction; RFLP, restriction fragment length

polymorphism; SSA, sub-Saharan African.

20Rs and 95% Cls for the strongest results.
®No association with BC overall. No ORs were reported.
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2.4 Discussion

Our initial PubMed and SCOPUS search yielded 1,029 articles from which 22 were selected for
this review. These studies investigated the association of germline variants with breast cancer in
resident Sub-Saharan African populations. A large majority of studies focused on the detection
and analysis of rare variants in known breast cancer susceptibility genes in cases and, in some
studies, also in controls. Our search did not find any GWAS studies for breast cancer in resident
African populations, but we did find a small number of association studies of candidate genes
and common variants in cases and controls. Although the focus of our review was on sub-
Saharan Africa, we discuss the findings below in the context of the extensive literature on breast
cancer genetics in African-American populations, which provide important insights relevant to

continental Africa.

2.4.1 Contribution of rare variants to breast cancer risks

The studies included in this review either tested for specific variants known to be associated
with breast cancer risk in non-African populations or used DNA sequencing of the coding regions
of known breast cancer genes to explore the contributions of rare germline variants to the
aetiology of breast cancer in their local populations. These germline variants are rare in the
general population but have moderate to high penetrance, thus individuals with these variants
are at substantially higher risk of developing breast cancer compared to the general population
(Kuchenbaecker et al., 2017). Most of the studies focused on the key breast cancer
predisposition genes, BRCA1 and BRCA2, which have important roles in DNA repair pathways
(Deng and Brodie, 2000; Shahid et al., 2014).

The variants of particular interest listed in Table 2.3 indicate that at least 6 genes, BRCA1,
BRCA2, PALB2, ATM, BARD1 and RAD51C, collectively make a significant contribution to breast
cancer risk in the African populations that were studied. The variants disrupt normal protein
function either by early termination of mMRNA translation by the introduction of stop-codons or

by missense variants which may affect key functional elements of the protein (Tarsounas and
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Sung, 2020). However, we note that no functional assays were done in any of the studies
reviewed here, and all potential functional effects were predicted in silico. There is also the
problem of variants of unknown significance (VUS) involving missense variants in known breast
cancer susceptibility genes which fail current predictive algorithms for pathogenicity, which will
be amplified by the inclusion of diverse and under-studied African genomes (Sirugo, Williams
and Tishkoff, 2019). The strategy of, for example, Zheng et al., (2018), in which genes were
sequenced in large numbers of cases and controls is helpful in this regard, as it demonstrated a
significant excess of many variants in cases vs controls, but the cost of sequencing large
numbers of samples may be unaffordable for many African researchers. The contribution of
other genes in which potentially pathogenic variants were found is not yet clear as the number
of cases with variants in each of these genes was very small. However, for some of these genes,
such as ATM, there is strong epidemiological and molecular evidence of causality in other
populations (Ahmed and Rahman, 2006). Another question of interest is whether specific
pathogenic variants are found in more than one African country or ethnic group, such as is the
case for European populations. There is currently insufficient evidence to resolve this question
in African populations, but it could be addressed by larger-scale studies, such as the Nigerian

study of Zheng et al., (2018), being carried out in other African populations.

2.4.2 Genetic association studies of common variants

All the genetic association studies for common variants which we identified involved genotyping
a small number of SNPs in one or two candidate genes and small sample sizes. Some marginally
significant associations were reported, but such studies would have very low power to detect
the typically small effect sizes for individual variants in genetic susceptibility to disease in a
complex trait. A further difficulty with candidate gene studies is that they do not provide the
means for correction of population structure in the samples, which is an important requirement

for a robust genetic association study.

While the above-mentioned studies are limited in scope and of low statistical power, recently
there have been several well-powered genetic studies in breast cancer cases and controls of

African ancestry, not resident in Africa. For example, a meta-analysis of two GWAS and a
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replication study in women of African ancestry identified 3g26.21 as a novel susceptibility locus
for oestrogen receptor (ER) negative breast cancer (Huo et al., 2016). This study involved
genotyping of more than 6,657 breast cancer cases and 7,713 controls on a genome-wide SNP
array. Breast cancer risk variants identified in other populations were tested for association in
another large study of women of African ancestry (Feng et al., 2017), and identified at least 12
regions which showed evidence of association in this population. These findings suggest that
there is at least partial transferability of breast cancer risk loci between different populations
and ethnicities. This phenomenon was also observed for other cancers such as prostate and
oesophageal cancers where some but not all risk loci were transferable across African, European
and Asian populations (Shriner et al., 2009; Chang et al., 2011; Chen et al., 2019). These studies
suggest that the GWAS approach may be fruitful for studying the genetics of breast cancer in

resident African populations.

2.4.3 Current limitations and future prospects for breast cancer genetic research in Sub-

Saharan Africa

Whole genome sequencing of many ethnolinguistic groups in Africa has confirmed the
extraordinary degree of genomic diversity across the African continent (Choudhury et al., 2020).
A comprehensive analysis of the contribution of germline variants to breast cancer risk in
continental Africa will therefore require studies in a wide range of populations and regions.
Another important consideration is the study design, which will depend on whether the aim is to
identify rare variants of moderate to high penetrance in genes such as BRCA1 and BRCA2, likely
associated with familial cancers, or to identify variants with low penetrance which collectively

make a large contribution to breast cancer risk in the general population.

In order to identify rare and novel germline variants of intermediate to high penetrance, DNA
sequencing, rather than genotyping of known risk variants across the regions and populations of
Africa will be required since the limited data available suggests extensive diversity of breast
cancer risk variants across the African continent. The study design should also include an

equivalent set of well-matched controls which, together with algorithms for predicting functional
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effects in silico, will help to identify variants that are likely to be pathogenic. The sequencing
strategy will depend on available financial and bioinformatic resources. Whole exome sequencing
would allow interrogation of the entire coding genome but is still relatively costly and requires
bioinformatic skills to call, annotate and interpret variants. Sequencing a panel of genes known
to be involved in breast cancer susceptibility, such as the BROCA panel (Shirts et al., 2016), would
reduce costs and simplify the bioinformatic analysis, but only investigate genes already implicated
in other populations. The probability of detecting pathogenic variants in such genes would be
increased by enriching the breast cancer samples for younger patients and those with a family
history of breast cancer, as these are groups in which such variants are most likely to be identified.
Finally, a substantial sample size will be needed to obtain a robust assessment of the contribution
of these rare variants to breast cancer risk in local populations. An exemplar which includes these
desirable features is the study by Zheng et al (2018) in the Nigerian population (Zheng et al.,
2018). Larger sample sizes would also allow tests of whether germline mutations were associated
with clinical features such as hormone receptor status, tumour stage and survival. A large study
of germline mutations in African American women, for example, showed a two-fold higher
incidence of pathogenic mutations in ER-negative breast cancer compared to ER-positive breast
cancer (Palmer et al., 2020). Detection of germline mutations in genes such as BRCA1 and BRCA2
has important implications for clinical care such as the risk of further cancers in the patient,
genetic counselling to other family members and potential access to new classes of drugs such as
poly (ADP-ribose) polymerase inhibitors which can improve survival and reduce side effects in

mutation carriers (Fong et al., 2009).

Regarding the detection of common risk variants for breast cancer, small sample sizes such as
those reported to date in Sub-Saharan African populations do not have the power to detect
associations of common variants with small effects. A shortcoming of most candidate gene
studies is that a limited number of variants are genotyped which do not capture the full genetic
diversity of the gene, and genome (Duncan et al., 2019b). Also, genotyping a small number of
variants does not allow correction for population structure, which is particularly important in
populations with a high degree of genetic diversity and substructure. This requires either a

genome-wide study or at least a genotyping array containing thousands of common variants to
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detect and control for population structure. The route to significant discoveries of common breast
cancer risk variants in African populations is to carry out GWAS using SNP arrays which are
designed to capture a substantial component of African genetic diversity and genotyping
thousands of cases and controls to achieve the statistical power required to detect variants with
modest effect sizes. We are currently carrying out a GWAS using the H3Africa array on over 2700
breast cancer cases and 1100 controls from the Johannesburg Cancer Study (Pacella-Norman et
al., 2002) in the black South African population as part of the ERICA-SA study
(http://www.mrc.ac.za/intramural-research-units/evolving-risk-factors-cancers-african-

populations-erica-sa) which aims to identify evolving risk factors for cancer in African populations.

A major difficulty regarding the desirable study designs outlined above is the resource-intensive
nature of molecular cancer research such as next-generation sequencing and genome-wide
genotyping in terms of funding and appropriately skilled personnel, both of which are relatively
scarce in Africa. Significant progress in improving our understanding of the genetics of breast
cancer in Africa will require a substantial investment from governments or other sources to

generate the grant income and training programs needed to achieve this goal.

In conclusion, while some studies on the genetics of breast cancer have been carried out in
populations of African origin, few comprehensive large-scale studies have included populations
resident in Sub-Saharan Africa. This scoping review has identified that more extensive studies of
the contribution of both rare and common variants to breast cancer risk are needed in a
broader range of African countries. The knowledge gap creates an opportunity for African
researchers to gain new insights into the molecular epidemiology of breast cancer on the

African continent.
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2.5 Recent genetic studies

This section covers papers published on this topic from 02 April 2020 to 22 July 2022. The same
search criteria were used as described in section 2.2. Ten additional relevant genetic studies
were published on breast cancer in Sub-Saharan Africa during this period, seven of which are

rare variant studies and three are common variant studies.

2.5.1 Rare variant studies

Biancolella et al., (2021) used NGS to sequence the coding regions of BRCA1 and BRCA2 and
identified six pathogenic mutations in a cohort of 51 women from Burkina Faso with early onset
breast cancer; two of the variants in BRCA1 occurred in 2 patients (Table 2.5), whereas the
other 4 variants occurred in single patients. The second study in Burkina Faso (Ouedraogo et al.,
2022) used Sanger sequencing to identify mutations in mutation hotspots in BRCA1 and BRCA2
in 133 breast cancer patients who had previously had breast cancer. These patients were not
selected based on the early onset of breast cancer. They found three pathogenic variants, each
of which occurred in a single patient. A study in Mauritania sequenced BRCA1 and BRCA2 in 137
mainly female patients with relatively early onset and/or familial breast cancer and identified
four pathogenic variants in BRCA1 and BRCAZ2, all in two or more patients. These included the
p.Thr276Alafs*14 and ¢.4986+6T>C variants, which are well-established African BRCA1 founder
mutations (Brahim et al., 2022). Eygelaar et al., (2022) included in their study 165 female breast
cancer patients from South Africa who self-identified as women of African ancestry and were
unselected for family history. Using the lllumina TruSight Cancer panel, they sequenced 94
genes. They identified 11 variants that were classified as pathogenic or likely pathogenic, but
none were found in more than one participant. A Rwandan study (Uyisenga et al., 2020)
sequenced 26 genes in 40 early-onset breast cancer patients. They identified five pathogenic
variants in five different patients, including three in BRCA2 and one each in BRCA1 and TP53. A
large diagnostic study in South African populations (Van der Merwe et al., 2022) screened 2974
breast cancer patients for mutations in the BRCA1 and BRCA2 genes and detected 481 clinically
actionable variants. The variant list was not stratified by ethnicity, but the study did detect two

previously reported African BRCA2 pathogenic founder mutations (c.5771_5774del and
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¢.582G>A) in multiple patients of African ancestry. Finally, a study in Burkina Faso
(Kiendrebeogo et al., 2022) which included 50 breast cancer cases and 50 controls reported the
detection of mutations in exon 11 of BRCA1 in 4 patients, but the mutations were not

characterised.

Table 0.5. Predicted Pathogenic Rare Variants Detected in two or more African breast cancer
patients in recent studies

M i No. of
Gene Variant Variant effect utation ©.0 Country Reference
type cases
rs398122680 p.Serl363Ter Nonsense 2 Burkina (Biancolella
rs80358086 .4986+6T>C Splice site 2 Faso etal., 2021)
BRCA1 >
rs80358086 .4986+6T>C truncated 7
tei
pro em. o (Brahim et
rs387906563 p.Thr276Alafs*14 | Frameshift 13 Mauritania al,, 2022)
BRCA2 rs80359572 p.Tyr2094LeufsTer | Frameshift 2
rs397507906 | p.Thr2412SerfsTer | Frameshift

2.5.2 Common variant studies

Three common variant studies from sub-Saharan Africa were published in this period, using
relatively small sample sizes in three different countries. These results are summarised in Table
2.6. Adolf et al., (2022) investigated 10 variants in DNA repair genes in 263 breast cancer
patients and 250 controls in Tanzania. They found that four variants had significant allelic
differences between cases and controls (p-value<0.005): rs25487 in XRCC1, rs861539 in XRCC3,
rs17655 in XPG and rs4987188 in MSH2. In Cameroon, a PCR-RFLP assay was used to explore the
association between rs17506395 in TP63 and breast cancer in 335 cases and 224 controls
(Tiofack et al., 2020) and was found to be associated with breast cancer in women under 40
years of age (p-value0.03, OR=0.5. 95%Cl=0.26-0.94). A Malian study of 60 cases and controls
found that a 16bp duplication in TP53 intron 3 (PIN3) was associated with breast cancer (p-
value0.03, OR=1.87, 95%Cl=1.05-3.33) (Diakite et al., 2020). This result was further supported
by a meta-analysis which included 19 studies (p-value0.01, OR=1.11, 95%CI=1.02-1.19).
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Table 0.6. New Association Studies of Common Variants in SSA breast cancer

Gene | Methodology Variant Country Cases | Controls 0dds ratios Reference
(95% ClI)
XRCC1 QRT-PCR rs25487 Tanzania 263 250 2'138(116')51_
. 2.91(2.06-
XRCC3 QRT-PCR rs861539 Tanzania 263 250 4.11) (Adolf et
XPG QRT-PCR rs17655 Tanzania 263 250 2'321(917'5)30 - | ak,2022)
HMSH2 QRT-PCR rs4987188 Tanzania 263 250 2.6:(315.)64-
0.5(0.26- (Tiofack
TP63 RFLP-PCR rs15706395 Cameroon 335 224 etal.,
0.94)
2020)
. 1.87 (1.05- | (Diakite et
TP53 PCR PIN3 Ins16bp Mali 60 60 3.33) al., 2020)

95%Cl 95% confidence interval
PCR polymerase chain reaction
QRT-PCR quantitative real-time PCR

RFLP-PCR restriction fragment length polymorphism PCR

2.5.3 Summary of the new studies

The new studies described above have the same limitations as those reviewed in sections 2.1 —

2.4. In the context of rare variants of high penetrance, there is a need for screening a broader

range of genes in patients with defined clinical characteristics to assist in the prioritisation of

future genetic screening. Future studies of common variants will require broader, preferably

genome-wide studies, in much larger sample sizes to detect the association of variants with

modest effect sizes.
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Chapter 3: Methods and Materials

3.1. Overview

The aim of this study was to search for the association of genetic variants with breast cancer in a
South African black population. To achieve this aim, a genome-wide association (GWA) study
was performed in women with breast cancer and ethnically matched population controls from
Soweto, South Africa. Following the identification of variants of interest, the potential functional
significance of variants that achieved genome-wide significance (p-value<5x10%) was assessed
for association with the breast cancer phenotype, as well as variants with suggestive
significance (p-value<5x107°®). During post-GWA analysis, | investigated whether the variants of
interest in this study were previously associated with breast cancer. Then, it was investigated
whether genetic risk variants identified in other populations (both African and non-African)
could be replicated in this African population. A meta-analysis of this study was carried out with
summary statistics from an African American breast cancer GWAS study. Finally, an existing
polygenic risk score developed for breast cancer in European populations was tested in this

African sample.

3.2. Study design

This study is a case-control GWA study. The breast cancer cases were enrolled by the
Johannesburg Cancer Study (JCS) (Urban et al., 2012; Chen et al., 2020) and the ethnically
matched non-cancer population controls were enrolled by the Africa Wits INDEPTH partnership
for genomic studies (AWI-Gen) study (Ali et al., 2018; Sengupta et al., 2021). This study forms
part of the larger Evolving Risk Factors for Cancer in African populations (ERICA-SA) study

(https://www.samrc.ac.za/intramural-research-units/evolving-risk-factors-cancers-african-

populations-erica-sa) and it was funded by the South African Medical Research Council

(SAMRC), Medical Research Council UK (UKMRC) and the Newton Fund to evaluate the risk

factors associated with common African cancers (Ethics, Medical: M160807).
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3.3. Study sample

The breast cancer cases were enrolled by the JCS. The JCS began with the aim to understand risk
factors for cancer and cancer susceptibility in African populations. The enrolment was started in
1995 and concluded in 2016. Over the twenty-one-year period, the JCS enrolled 24,971
treatment-naive individuals of African ancestry who were diagnosed with cancer (Chen et al.,
2020) and recruited from the Charlotte Maxeke Johannesburg Academic Hospital, the Radiation
Oncology ward of Hillbrow Hospital (Johannesburg) and the Chris Hani Baragwanath Academic
Hospital in Soweto (South-West Johannesburg) (Figure 3.1). The participants were surveyed
with a detailed epidemiological questionnaire (Appendices), and they also donated bio-samples
for future testing after providing informed consent. Hormone receptor status was not available
at the time of this study. Of the 24,971 enrolled participants, 19,351 donated an EDTA blood
sample for genomic DNA testing and 18,972 donated serum for serological testing. The JCS is a
large biorepository with a wealth of information to enable future cancer research. A total of
2,573 female individuals (median age 46 years, 95% confidence interval (Cl)(45-46)) of African
ancestry with histologically confirmed breast cancer were present in the JCS and analysed in this
study. Approximately 90% of cases were diagnosed with ductal carcinoma. Ethical approval for
the JCS was obtained from the University of Witwatersrand Human Research Ethics Committee

(HREC - Medical) (M1606103).

Key
o Cases
® Controls

Figure 0.1: Map of Gauteng province showing case and control recruitment sites in Johannesburg, Gauteng
Cases from the JCS were recruited from the Chris Hani Baragwanath Hospital, Hillborow Hospital and the
Charlotte Maxeke Johannesburg Academic Hospital. Controls from the AWI-Gen study were recruited from
Soweto.
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Ethnically matched, non-cancer, population controls were selected from the AWI-Gen study (Ali
et al., 2018; Sengupta et al., 2021) (Ethical approval: HREC M121029, M180535). The AWI-Gen
study aims to understand risk factors, including genetic risk factors, for cardiovascular and
metabolic disease in sub-Saharan Africa. The study recruited 11,723 participants from East,
West and South Africa. The study sites were located in Soweto, South Africa; Agincourt, South
Africa; Dikgale, South Africa; Nairobi, Kenya; Navrongo, Ghana and Nanoro, Burkina Faso.
Extensive epidemiological data was collected through questionnaires and blood and urine
samples were collected for laboratory assays. Initially, 2,128 controls were included in the initial
analysis. However, 1,048 male controls from AWI-Gen and 269 female controls from the JCS
were later removed to for reasons discussed in section 4.2. A total of 744 female (median age
49 years, 95%Cl(48.21-49)), African, non-cancer individuals from Soweto, Johannesburg, were
included in the final analysis of this study, as they were the most appropriate control group

from the viewpoint of genetic similarity.

All participants in this study consented to the parent studies for the use of their DNA samples
for genetic studies. The current study to understand the genetic aetiology of African breast
cancer was approved by the University of the Witwatersrand’s HREC (Medical), protocol

number M180997.

3.4. Sampling and DNA isolation

Genomic DNA (gDNA) was isolated from peripheral whole blood samples from all study
participants. gDNA was isolated using the salting out method (Miller et al., 1988). Participants in
the JCS donated 4 mL of whole blood. The blood samples were collected in vacutainer tubes and
stored at -30°C until the blood samples were retrieved and processed for DNA extraction. Blood
samples from JCS were stored for up to 20 years at -30°C before DNA extraction. The prolonged
storage of the blood samples did not negatively affect the quality and quantity of the DNA. The
mean 260/280 ratio was 1.79, suggesting that the DNA was of good quality (Chen et al., 2018).
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The quality and quantity of gDNA were assessed using the Nanodrop™. DNA concentration was
normalized to 100ng/uL. The 260/280 ratio and the 260/230 ratio were calculated and the
gDNA samples were stored at -80°C in the Sydney Brenner Institute for Molecular Bioscience
(SBIMB) biobank until use (Soo et al., 2017). The SBIMB biobank houses more than 50,000 bio-

specimens for multidisciplinary research projects in South Africa.

3.5. Genotyping and data quality control
The genotyping in this study was performed at two high-throughput genomic centres.

Prior to shipping, the stock gDNA samples of the breast cancer cases were thawed and 50l of
the 100ng/uL stock DNA samples were aliquoted into 96 well semi-skirt PCR plates (Thermo-
fisher) and the plates were heat sealed. The sealed PCR plates were then shipped on dry-ice to
the IoPPN Genomics & Biomarker Core Facility, Department of Social Genetics & Developmental

Psychiatry, King’s College London for genotyping (https://www.kcl.ac.uk/research/the-ioppn-

genomics-biomarker-core-facility). The loPPN Genomics & Biomarker Core Facility is a CSPro-

certified provider of lllumina’s platforms and assays for genotyping and gene expression.

The control samples were genotyped by the AWI-Gen study using the Illumina® FastTrack™
Microarray services (lllumina, San Diego, USA). All samples at both centres were genotyped on

the 2.3 million H3Africa array version 1.0. (https://www.h3abionet.org/h3africa-chip) (Mulder

et al., 2018; Choudhury et al., 2022). This genotyping array was designed by H3Africa
researchers after it was noted that most of the publicly available SNP genotyping arrays were
based on genetic data from non-African populations. The H3Africa array considers a large
amount of variation seen in African populations, as well as the smaller haplotype blocks (Mulder
et al., 2018). The array includes ~1.7 million SNPs that were already in the lllumina bead pools
designed for other arrays, some of which were also common variants in African datasets.
Approximately 700,000 additional SNPs were carefully selected to include common African
variants, and SNPs of interest for some diseases (Mulder et al., 2018). This array was chosen

because the participants were all African.
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3.5.1. Data analysis workflow

The data analysis workflow for this study is summarized in Figure 3.2 below:

Controls
genotyped at
lllumina (USA)

on the H3Africa
array

Female controls
from AWI-Gen
selected from

Soweto (n=744)

QC carried out on
combined data

Population
substructure
analysis carried out
in our diverse

Linear mixed
modelling to
identify signals of
statistical
association with
breast cancer and

Unpacking disease
aetiology and
disseminating study

African population further izl e
downstream
analysis
Female cases Cases

from the ICS genotyped at
selected from King’s College
Soweto (n= London on the
2573) H3Africa array

Part 1 Part 2 Part 3 Part 4

Figure 0.2: The GWAS workflow summary

The workflow consists of four main parts: 1. Genotype data collection, quality control and imputation. 2.
Correction for population substructure. 3. LinearOmixed modelling of the genetic variants with covariates
to identify associations with breast cancer. 4. Unpacking the findings to understand the underlying
mechanisms for disease risk.

The GWAS workflow has four parts: 1. Genotype data collection, and quality control as well as
genotype imputation. 2. Correction for complex population substructure that may be present
within this African study population. 3. Linear-mixed modelling of the genetic variants, with
covariates, to identify genetic variants that may be associated with the disease phenotype of
interest. 4. Unpacking the genetic findings to understand the underlying mechanisms for disease
risk, replication of previous findings and the computation of polygenic risk scores for breast

cancer in an African population.
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3.5.2. Genotype data and quality control

The raw genotype data was presented in the form of high-density images. There are two colour
channels used for the Illumina microarray, red and green. The probes for each genetic marker
are embedded into a specific location on the array. The intensity of the fluorescent probes
(green or red) indicates the presence or absence of a specific genetic variant (Smith et al., 2013).
The raw data, in the .iDat format, was converted to a binary PLINK genotype file (.bed) using the
[llumina Array Analysis Platform (IAAP) Genotyping Orchestrated Workflow

(https://emea.support.illumina.com/downloads/iaap-genotyping-orchestrated-workflow.html).

The IAAP-Genotyping Orchestrated Workflow takes the raw intensity data, a bead pool
manifest, and a cluster file as input and converts the raw data into binary genotype calls. The
bead pool manifest was developed during the production of the H3Africa microarray and was
provided by lllumina for this study. The cluster file is a file that contains the pre-defined SNP
clustering locations for all 2.3 million markers on the H3Africa microarray. The cluster files in the
study were developed by the Illumina FastTrack Microarray service, based on the genotyping
data from the AWI-Gen study. The IAAP-Genotyping Orchestrated Workflow implemented
Illumina’s GenCall algorithm to perform the genotype calling. The genotype calls were stored in
the genotype call (GTC) format and then converted to PLINK binary genotype data file format.
The IAAP workflow generated one output file per sample, thereafter all files were consolidated
to generate one PLINK binary data file for downstream quality control workflows. PLINK 1.9 was

used (Chang et al., 2015) for data management.

The H3ABioNet’s H3Agwas Pipeline version 3 (Brandenburg et al., 2022) was used for the data
quality control and association modelling. An overview of the H3Agwas pipeline is shown in

Figure 3.3:
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Figure 0.3: Schema of the H3Agwas pipeline (Brandenburg et al., 2022),
(https://github.com/h3abionet/h3agwas)

Genotype data quality control was an iterative process. The H3Agwas pipeline performed QC in
several steps. First, the pipeline flags and removes duplicate markers. Then, the pipeline
removes markers based on minor-allele frequency thresholds, marker missingness, and markers
that deviated from Hardy-Weinberg equilibrium. The pipeline also removes individuals based on
the percentage of missing-data within an individual, sample heterozygosity, identity-by-descent
(to find duplicated samples or samples from related individuals), and genotype-phenotype sex
mismatched individuals. Lastly, the QC workflow removed markers with differential missingness
between cases and controls. This may indicate a genotyping bias and may be misleading and
identified as a disease-associated marker. At the end of the QC pipeline, a PDF report is
generated that highlights the number of markers and individuals excluded based on the pre-

defined thresholds. Figure 3.4 summarizes the overview of the H3Agwas QC workflow.
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Figure 0.4: Overview of the H3Agwas QC workflow (adapted with permission from
https://github.com/h3abionet/h3agwas.

For this analysis, only autosomal SNPs/markers were retained. The SNP QC thresholds used for

this study for marker retention were:

- Missingness <= 0.01 (remove SNPs with low quality genotypes)
- Minor allele frequency (MAF) >= 0.01
- Hardy-Weinberg equilibrium (HWE) p-value >= 0.0005 (remove SNPs out of HWE due to

migration/non-random mating)

The thresholds used for sample retention were:

- Missingness <= 0.02 (avoid poor DNA quality samples with low call rates)

- piHat <= 0.18 (unrelated individuals, i.e. more distant than third-degree relatives)

- Genotype-phenotype sex-matched (ensure self-reported and genotype sex match)

- Heterozygosity between the range of 0.15 and 0.343 (avoid sample contamination or

inbreeding)
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3.5.3. Principal component analysis and admixture analysis

After genotype and sample QC, the cleaned genotype dataset was used as the input dataset for
the principal component and admixture analysis as part of the strategy for population
substructure analysis. For ease of reference, the genotyped dataset will be referred to as chip

data.

As a means to control for population substructure, batch effects or other technical study
artefacts or biases, random subsampling and iterative testing of study samples was performed.
This iterative approach consisted of comparing female individuals vs male individuals, as well as
random subsets of samples across each genotyping batch and within batches. This testing
strategy involved several iterations of random subsampling of 300 individuals as the “controls”
and 300 individuals as the “cases”, followed by principal component analysis and linear mixed
models. Genomic inflations, potentially as a result of biases introduced by batch effects or

population substructure, would be detectable by an increase in the average -log10(p-value).

A pairwise linkage disequilibrium of the chip data was performed in PLINK 1.9 (Chang et al.,
2015). Linkage disequilibrium (LD) was computed for markers within a 100KB sliding window
and in a step size of 20 variants per shift. An r?threshold of 0.2 was used and one marker, from
a pair, with r? greater than 0.2 was excluded. This allowed the generation of an LD-independent

genotype dataset.

Principal component analysis (PCA) was performed by Eigen-decompositions of the genetic
data. The CEU, CHB and YRI populations from the 1000Genomes project (1KGP) phase 3 (The
1000 Genomes Project Consortium, 2015) were used as reference populations. Ten principal
components were computed and plotted. Generalized linear models (GLM), in R (Development
Core Team, 2008), were used to determine which principal components were statistically
associated with the phenotype. PCs 1 to 5 were selected and included as covariates in the final
model. Eigen decomposition was performed using PLINK v.1.9 and visualized in R v4.0.3.
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Admixture analysis was performed using ADMIXTURE 1.3.0 (Alexander et al., 2009). Six folds of
cross-validation were performed to determine the optimal K value. The analysis was done using
CEU (n=99, European) and CHB (n=103, Han Chinese, East Asian) individuals from the 1KGP as
the reference populations. The Admixture plots were visualized in Stata version 17 (StataCorp
LLC, College Station, USA). Individuals with >5% CEU or CHB genetic contribution were excluded

to ensure that the analysis was not confounded by admixed individuals.

3.5.4. Estimation of Heritability

SNP-based heritability (h?g) for breast cancer was estimated using the genomic restricted
maximum likelihood (GREML) solver. The GREML estimated the h?; contributed by kinship
matrices. The LDAK model was followed. This model proposed that the SNP’s contribution to
heritability is dependent on the MAF and the local LD (Speed et al., 2020). The h?; estimation
was performed using LDAK version 5.2 (Speed et al., 2020). First, LDAK pruned and reduced the
number of predictors by using a correlation squared threshold of 0.98. The predictors were then
separated into sections. Thereafter, each section was weighted using a quadratic solver. The
weights were then used to construct the genetic relationship matrix (GRM). GREML was used to
estimate the h%. An equal number of cases and controls were randomly subsampled from the
total study population (744 cases against 744 controls) to prevent any over or under estimation
of the heritability estimate due to unbalanced case-control ratio. The h?; was estimated on the
liability scale, using the Globocan’s 2020 breast cancer incidence rate in South Africa

(52.6/100,000) as a proxy for disease prevalence (Sung et al., 2021).

3.6. Genetic imputation

In microarray technology, only a select number of positions in the genome are targeted and
genotyped. The genotyped markers are selected based on several factors (e.g. LD inference,
functional importance, chromosomal coverage/backbone) to provide adequate coverage

throughout the genome. It is often not feasible to genotype large numbers of genetic markers
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due to the physical limitation of the array-marker layout and density limit of probes. Having too

many probes on one array may increase the chances of probe failure.

In order to have more genetic data from microarray, genetic imputation was used. Genetic
imputation is the process of inferring the genotypes of ungenotyped markers using various
information provided by the genotyped markers, such as LD and haplotypes (Li et al., 2009; Das
et al., 2018; Naj, 2019). Even unrelated individuals, provided they are of similar ancestry, share
common genomic regions that they have inherited from a common ancestor. Therefore,
imputation relies on the fact that the reference sample used is a recent ancestor of the sample
that is being imputed. This ensures that the haplotype blocks of the reference sample will be
similar to the imputed sample, resulting in a more accurate imputed dataset. The imputed
dataset includes many more variants which can be included in studies, increasing the power of

GWAS (Li et al., 2009).

The Sanger Imputation Service (McCarthy et al., 2016) was used to impute the genotypes. The
African Genome Resource (AGR) panel was used as a reference which contains 4,956 samples.
The reference panel includes all samples from the 1000 Genomes Project (1KGP) Phase 3 as well
as samples from Uganda, Ethiopia, Egypt, Namibia and South Africa. Pre-phasing was performed
with EAGLE2 (Loh et al., 2016). Thereafter, post-imputation was carried out. The parameters for

post-imputation QC were as follows. SNPs were retained if:

- SNP missingness<0.05
MAF>0.01

Impute2 Score>=0.8

- HWE p-value>=0.00001

In order to achieve the most robust imputation possible with this dataset, the H3A chip data
was imputed from breast cancer case samples, all the samples from the AWI-Gen study, as well
as two other sets of cancer cases from the JCS which had also been genotyped on the H3A array

(oesophageal cancer and cervical cancer) as part of the ERICA-SA study.
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3.7. GWAS LMM modelling

The GWAS was performed using linear-mixed modelling regression deployed in GEMMA
(v.0.98.1) (Zhou and Stephens, 2012). The binary phenotype was residualised using a
generalised linear model (GLM) in R, with 5 PCs as covariates. The residual values were used as a
linear phenotype in the linear mixed model (LMM). The residualisation takes into account what
the association is between the genotype and the phenotype and calculates a numerical value
that best represents this association (Yang et al., 2014). The residual values were then used in
the GEMMA LMM which statistically analyses the relationship between the genotype and the
phenotype, which was implemented through the H3Agwas pipeline. The LMM was further
parallelised to improve computation speed by splitting the dataset into 22 chromosomes and
regressing all 22 datasets in parallel. The summary statistics were processed in Stata 17
(StataCorp, College Station, USA) and R. The beta values were converted to odd ratios using the
formula described by Cook et al. (2016). Even though GEMMA by default excludes all SNPs with
a combined MAF of <0.01, all SNPs with MAF<0.01 were further excluded by case and control

status respectively.

Given the very large number of SNPs being tested for association in GWAS, the probability of
false positive association is corrected by using methods including the Benjamini-Hochberg or
Bonferroni methods for multiple tests (Dunn, 1961; Benjamini and Hochberg, 1995). The
generally accepted p-value in genome-wide association studies is 5x10%, indicating that any
SNP that falls below this threshold will be considered significantly associated with the

phenotype in question.

Genotype cluster files for genotyped SNPs in the top hits were extracted from the GTC files and

visualized using gtc2vcf (https://github.com/freeseek/gtc2vcft#tconvert-illumina-idat-files-to-gtc-

files).
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3.8. Permutation testing for top hits

Permutation testing was used to correct for the experiment error rate and to help ensure that
the results from statistical models were robust (Che et al., 2014). A permutation test is a non-
parametric, randomising test in which the samples of a t-test are shuffled n number of times,
and the test statistic is noted for each set (Phipson et al., 2010; Che et al., 2014). A p-value is
determined from the distribution of the t-statistics. The dataset can be shuffled several times,
and if the null hypothesis is true, the outcome from the shuffled data will resemble the original
outcome, in this case, the original GWAS outcome (Che et al., 2014). Adaptive permutation
testing was done using PLINK v1.9’s permutation algorithm deployed in Field-Programmable
Gate Arrays (FPGA) designed to run on a cloud-based AWS EC2 FPGA instance (Swiel et al.,
2022). Seven hundred million adaptive permutations were performed on the imputed GWAS
dataset using the linearised phenotype derived by residualising the binary phenotype and PCs 1-
5 under an additive model. Seven hundred million adaptive permutations were the limit of the

AWS EC2 FPGA deployment and sufficient for application.

3.9. Fine mapping and functional assessment of associated variants

Fine mapping was carried out using LocusZoom v1.4 (Pruim et al., 2010), for all top hits with p-
value<5x10°8, with a 400kb flanking nucleotide window, using precomputed LD information
from this study population. The FUMA (Watanabe et al., 2017) online application was used to
annotate and interpret associated GWAS variants with p-value<1x10 as well as annotated co-
localized eQTLs in the breast tissues of interest from GTEx version 8 (Lonsdale et al., 2013). The
SNPs (p-value<1x10%) were also submitted to SNP-nexus (snp-nexus.org) for additional
functional annotation. All SNPs were analysed in FINEMAP v1.4 (Benner et al., 2016) using the
H3AGWAS pipeline. The programme uses the shotgun stochastic search (SSS) algorithm to

quickly evaluate multiple configurations to identify those with the highest posterior probability.
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3.10. Replication

SNPs from this study (p-value<5x10°) were test for replication in the Breast Cancer Association
Consortium (BCAC) iCOGS (Michailidou et al., 2013) data for European and African American
datasets separately. The BCAC is an international consortium that aims to identify genes that
are associated with the risk of breast cancer development

(https://bcac.ccge.medschl.cam.ac.uk/). There are over 100 groups included in this consortium

from all over the world, however, none of the studies includes resident African populations. The
summary statistics are freely available on the BCAC website. In addition, top hits from the
European (p-value<5x108) and African American (p-value<1x10) datasets were investigated

in this African breast cancer GWAS.

3.11. Meta-analysis

A meta-analysis was performed using this African dataset (n=3,317), together with the BCAC
iCOGS African American (n=2,048) summary statistics using METAL (v 2011-03-25) (Willer et al.,
2010). An overlap of 12,155,889 SNPs between both datasets was included in the meta-analysis.

The sample size weighted model was used for the meta-analysis.

3.12. Polygenic risk scores

A polygenic risk score were generated using PRSice-2 (Choi and O’Reilly, 2019) in this dataset
using the 313 SNP model by Mavaddat et al. (2019). However, from the 313-SNP model from
the study, only 201 SNPs were imputed in the African dataset. Therefore, only 201 SNPs were
used to generate the polygenic risk score in the African breast cancer dataset. A polygenic risk
score was also generated using the 3,820 SNP model from the same study, but only 2,157 SNPs

were available for use from the imputed dataset in the risk model.
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Two further analyses were done using the African breast cancer dataset. A polygenic risk score
was generated from the European and African American BCAC datasets and applied to the
African breast cancer dataset. All the SNPs from the African American BCAC summary statistics
that overlapped with the African breast cancer dataset (12,187,877 SNPs) were included in the
input, but only 31,479 SNPs were used in generating a risk score to apply to the African data.
This is because PRSice-2 calculated that using 31,479 SNPs resulted in the most informative risk
score model. A polygenic risk score was also generated from the European BCAC summary
statistics; 3,974,083 SNPs overlapped and were included in the input data, but only 10,043 SNP
were used in the risk score analysis as it was the most informative model. All models included

PCs 1-5 as covariates.
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Chapter 4: Results

4.1. Study Samples and Genotyping

Histologically confirmed female breast cancer cases were selected from the JCS and ethnically
matched population controls from the AWI-Gen study for genotyping and association analysis.
All case participants were enrolled from the Soweto area, Johannesburg, South Africa. Controls
were sampled from the JCS (n=269), as well as three sites from the AWI-Gen study: Soweto
(n=1,723), Dikgale (n=1,034) and Agincourt (n=1,745). All study participants self-identified as of
African ancestry. Admixture analysis on the cases and three AWI-Gen sites found substantial
differences between the Agincourt and Dikgale groups and the JCS/Soweto cases and controls
and were therefore, excluded from the analysis (Figure 4.1). K=4 was used because it had the

lowest cross validation error.

BC-JCS AWIGEN - AWIGEN - DIK AWIGEN -
SWT AGIN

Figure 0.1: Admixture plot for cases and all control sites.

Admixture plot assesses genomic contribution of all breast cancer cases from Soweto and
controls from three AWI-Gen sites (Soweto, Dikgale and Agincourt). This was done on a
random subset of 100 individuals from each site. K=4. BC=breast cancer, JCS:
Johannesburg Cancer Study, SWT: Soweto, DIK: Dikgale, AGIN: Agincourt.
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After the removal of the Agincourt and Dikgale controls, 2,711 breast cancer cases, 1,080
female controls and 1,048 male controls all from Soweto were included in further analysis. They
were genotyped on the H3A GWAS array and quality control analysis followed as described in

chapter 3.

4.2. Adjustment for population structure

Three steps were taken to account for the population substructure. In combination, the three
steps allowed us to identify population substructure inflation within the dataset. The first step
was to perform iterative testing of male and female population controls within each genotyping
batch and then across genotyping batches. This approach was performed to identify if the male
and female controls were genetically homogeneous within the study sites and to test for
possible genomic inflation as a result of genotyping batch effects. The second step was to
perform admixture analysis using reference populations from the 1000 Genomes study. This
was done to identify study participants with substantial non-African genetic contributions. The
third step was to perform principal component (PC) analysis using Eigen decomposition. This
was done to assess how well the cases matched with the control population and to correct for

population stratification.

4.2.1. |Initial GWAS analysis

Admixture analysis, PC analysis and imputation were performed on the dataset that included
Soweto cases and male and female controls from the JCS and AWI-Gen. The initial GWAS was
carried out on this dataset. The results showed some SNPs associated with breast cancer at a
genome-wide significance level and suggestive signals with little or no support from surrounding
SNPs (Figure 4.2). This raised concerns that some of these signals were likely artefacts and

prompted us to further examine the dataset to identify the source of a potential false signals.
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Figure 0.2 Manhattan plot including male and female control samples. 2,711 cases and 2,128
controls. The red line indicates a genome-wide significance p-value of 5x10°8. The blue line
indicates a suggestive significance p-value of 5x10. Plotted against the —log p-value.

4.2.2. Analysis of genetic differences between male and female controls

A possible source of false signals in the initial GWAS was genetic differences between male and
female controls from the AWI-Gen project. This idea was prompted by the fact that there are
substantial differences in the proportions of the diverse different ethnolinguistic groups in
Soweto male and female individuals in AWI-Gen. This is reflected in the population sub-
substructure that aligns with the geography and linguistic phylogeny of South African Bantu

speakers (Sengupta et al., 2021).

Therefore, iterative testing was carried out between male and female controls randomly

sampled both from within-batch and across-batch. Both within-batch and across-batch analysis
demonstrated genetic differences between male (n=300) and female (n=300) controls, resulting
in genomic inflation in the association analysis, with multiple SNPs showing p-values of <5x108,

This genomic inflation effect was independent of genotyping batches. Figure 4.3A shows the
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general inflation of p-values when males are compared to females. Towers of SNPs are seen on
the Manhattan plot in several chromosomes and some variants reached p-values<5x10%, the
genome-wide significance threshold, indicating genetic differences between the two groups.
Figure 4.3B shows the Manhattan plot of AWI-Gen females against other AWI-Gen female
controls. Here, no over-inflation of p-values was observed and no variants reached the genome-
wide significance threshold, which suggests that the female controls are relatively more
homogeneous. As a result of this finding, all male controls (n=1,048) were removed from

subsequent analyses.

A AWIGen Batch 9: female vs males

p_wald

Chromosome

B AWIGen SWT, batch 9: females vs females

p_wald

Chromosome

Figure 0.3: Manhattan plots showing differences between male and female controls.

A. Manhattan plot of AWI-Gen male controls against AWI-Gen female controls. B. Manhattan plot of AWI-
Gen female controls against AWI-Gen female controls. The red line indicates a genome-wide
significance p-value of 5x10°%. The blue line indicates a suggestive significance p-value of 5x1076.
Plotted against the —log p-value.
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4.2.3. Analysis of batch effects

Our revised study included 1,080 female population controls from the AWI-Gen study and the
JCS. However, despite removing male controls from the study, 17 different signals were
observed at genome-wide significance, many of which were isolated SNPs with no support from
surrounding SNPs that had extremely low p-values for association (Figure 4.4A). These results
were then compared with those from a cervical cancer GWAS the ERICA group was conducting
that was using the same study approach with cervical cancer cases from the JCS and the same
female control dataset from AWI-Gen and the JCS. All SNPs showing suggestive or genome-wide
association in the cervical cancer GWAS (p-value<5x10°®) were then plotted on a Manhattan plot
using the genotype data from the breast cancer cases and the AWI-Gen and JCS female controls
(Figure 4.4B). This showed that many of the SNPs associated with cervical cancer also showed a
strong association with breast cancer. This degree of overlap was unexpected as cervical cancer
and breast cancer do not have known shared genetic aetiologies. Therefore, it prompted us to

examine the dataset further to identify the problem.

Since this study used a female-only dataset, iterative testing was done of inter- and intra-
genotype batches to determine if there were any differences between the JCS and AWI-Gen
genotyping batches. Significantly inflated p-values were observed in random subsets of n=300 vs
n=300 controls when the JCS female controls were compared to AWI-Gen female controls
(Figure 4.4C). However, when the female controls were compared within each of the JCS and
AWI-Gen female control batches, there were no significant differences between random
subsets. The results indicated that there was a variation in the JCS genotyping batch that
contained the female controls, which was the final batch of genotype data received from the
KCL Genome Centre. The raw genotyping fluorescence intensities of the tenth and final batch
were higher than the previous nine batches. This caused spurious clustering of the SNPs and
produced false SNP calls when the lllumina-Cluster file was used to predefine clustering
locations. As seen in Figure 4.4C, the false SNP calls introduced genomic inflation to the dataset.

The female controls from the JCS (n=269) were subsequently removed from the dataset.
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Figure 0.4: Manhattan plots showing inflation of p-values in the dataset after removing male
controls.

A. Manhattan plot of 2,711 breast cancer cases against 1,080 AWI-Gen and JCS female controls
from the initial modelling. B. Manhattan plot showing SNPs which showed association with
cervical cancer are also associated with breast cancer. C. Manhattan plot between JCS female
controls and AWI-Gen female Soweto controls. p0005: SNPs with p-value>0.005 were not
included in the Manhattan plot. The red line indicates a genome-wide significance p-value of
5x10°%. The blue line indicates a suggestive significance p-value of 5x107. Plotted against the —
log p-value.
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4.2.4. Admixture analysis

After removing all male controls and the JCS female controls, an admixture analysis was
performed of all breast cancer cases and AWI-Gen female controls with K=6 (Figure 4.5). |
selected K=6 because cross-validation with the data at K=6 produced the lowest cross-validation
error value (0.51286). This analysis revealed that some study participants had significant non-
African genetic components. Using the 1000 Genomes project East Asian and European
populations as a reference, a total of 205 participants with more than 5% European and East
Asian genetic contributions was found. These participants were excluded from further analyses

(Table 4.1).

1 L 1L
T I T
= AWIGen Soweto Controls (Female) JCS Breast Cancer Cases (Female)
<

CHB
CEU —

Figure 0.5: Admixture plot
Admixture analysis showing genetic components of European (CEU), East Asian (CHB), Yoruba
(YRI), the AWI-Gen Soweto controls and the JCS breast cancer cases. K=6.

Table 0.1. Number of samples with 5% European and East Asian ancestry

Cases Controls All

>5% Eurasian

contribution removed 138 67 205
<5% Eurasian

contribution retained 2,573 744 3,317
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4.2.5. Principal Component Analysis

PC analysis was carried out using a subset of LD-independent genotyped SNPs (n=429,198). Ten
PCs were constructed from Eigen-decomposition values. This PC analysis was performed on the
dataset that excluded: individuals with >5% CEU or CHB ancestry, all the male controls and
female JCS controls. The selection of PCs was done based on the eigenvalue curve (Figure 4.6) of
which visual inspection of a point of inflection (arrow in Figure 4.6) as well as a generalised
linear model regression of the PCs with the case-control phenotype. This revealed that PCs 1-5
accounted for the majority of variance in the dataset, and were used as covariates in the linear
mixed model (LMM). All cases (n=2,573) and controls (n=744) were female, from Soweto,
Johannesburg, and were well matched according to the PC analysis plots with overlapping

clusters (Figure 4.7).

Eigenvalue
£

a2
'

1 2 3 4 5 6 7 8 9 10
Number of PCs

Figure 0.6 Eigenvalue curve of breast cancer cases and controls.
Arrow indicates point of inflection where the number of PCs would account for most of
the variation in the dataset.
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Figure 0.7: Principal Component Analysis plots of cases and controls.
A. PC1 and PC2. B. PC2 and PC3. C. PC3 and PC4. D. PC4 and PC5.
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Once the presence of population substructure and the control matching issue arising from using
a population control approach for the study had been addressed, the next step was to move
onto modelling the association of the SNPs with the breast cancer phenotype. After all
measures of QC and population structure correction were applied, a total of 2,573 cases and
744 population controls were retained for the analysis. There were 1,699,678 genotyped SNPs
that were submitted for imputation, and post-imputation, QC 14,472,257 SNPs were tested for

association with African breast cancer.

The Quantile-Quantile (QQ) plots illustrate the expected -log10(p-value) against the observed -
log10(p-value). In Figure 4.8A, the QQ plot shows the effect of removing the males, participants
with Eurasian admixture and the female JCS control samples. The expected and observed p-
values do not deviate from the reference line until the top end of the plot. An early deviation
from the reference line would suggest the presence of genomic inflation in the dataset. This was
evident in the QQ plot which included the female JCS control samples (Figure 4.8B), where

substantial genomic inflation of p-values was observed.
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Figure 0.8: Quantile-quantile plots

A. QQ plot of 2,573 breast cancer cases against 744 AWI-Gen controls (genomic inflation factor A=0.97). The observed p-
value line fits the null line without lifting too early. B. QQ plot of 2,711 breast cancer cases against 1,080 AWI-Gen and
JCS controls. The QQ plot shows very small p-values and observed p-value line lifting early (A is 0.98).
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4.3. Estimation of heritability

The heritability (h?%) for breast cancer using the African dataset was estimated using the
generalised restricted maximum likelihood (GREML) estimation implemented in LDAK (Speed et
al., 2020). To calculate the h?%g, 1,699,677 genotyped SNPs were used in a randomised dataset of
744 cases and 744 controls. An equal number of cases and controls were used to prevent biases
that the imbalanced case-control ratio may introduce. The 1,699,677 SNPs were pruned and
weighted using the LDAK-Thin model. Thereafter, a genetic relatedness matrix (GRM) was
constructed and used to estimate SNP-based heritability. The estimated SNP-based heritability
was then scaled to the liability scale using the Globocan 2020 South African breast cancer
incidence rate of 52.6/100,000 as a proxy for the disease prevalence. The binary phenotype was
residualised using a GLM with PCs 1-5 as the covariates to meet the assumptions of the GREML

model. The estimated h?; for breast cancer was 0.36 (SD=0.13).

4.4. GWAS results

| performed the genome-wide association analysis using 2,573 breast cancer female cases and
744 female ethnically-matched population controls. An LMM method was used because of its
effectiveness in correcting for genetic inflation through the use of a kinship matrix (Wen et al.,
2018). In the LMM, the binary phenotype was regressed with PCs 1-5 and the kinship
relatedness matrix as the covariates. The genomic inflation factor lambda for the LMM model
was 0.97 (Figure 4.5B), indicating adequate correction for the population substructure. The

Impute2 scores for all of these hits were greater than 0.8 (scale of 0 to 1).

Three SNPs were identified at two independent loci associated with breast cancer at genome-
wide significance (p-value<5x102) which can be seen on the Manhattan plot (Figure 4.9). The
two independent loci include two SNPs on chromosome 2 (rs77422433, p-value=2.89x1078,
odds ratio (OR):0.46, 95% confidence interval (95%Cl): 0.40-0.52 and rs112410019, p-
value=4.54x108, OR: 0.47, 95%Cl: 0.41-0.53) and one SNP on chromosome 16 (rs3859109, p-
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value=3.01x108, OR=0.70, 95%Cl: 0.68-0.73) (Table 4.2). An additional 63 SNPs with suggestive
association with breast cancer at p-value<5x107 are shown in Table 4.2 along with the top
three hits. The results for the top hits were further supported by the low values for the 700

million adaptive permutation tests that were carried out as described in chapter 3.8 (Table 4.2).
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Figure 0.9: Manhattan plot of 2,573 breast cancer cases against 744 AWI-Gen controls.
Top hits on chromosomes 2 and 16 (p-value<5x108). The red line indicates a genome-wide significance p-value of 5x10°2. The
blue line indicates a suggestive significance p-value of 5x10°, Plotted against the —log p-value.
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Table 0.2. Top SNPs associated with African breast cancer (p-value<5x107%).

Genomic

Alleles

Chr position rsID (Effect/non- Con;:iFned c;:f C(::;OI OR(95%Cl) In;::rtzz P-value Pel")r:t:,t;tlzt’;ion
(hg19) effect)
2 216999015  rs77422433 T/A 0.05 0.04 0.08  0.46(0.40-0.52) 0.98 2.89x1008 7.95x1008
16 55910551 rs3859109 A/T 0.31 029 0.37 0.70(0.68-0.73) * 3.01x10® 2.05x10°8
2 217013506 rs112410019 T/G 0.05 0.04 0.07 0.47(0.41-0.53) 0.99 4.54x107® 1.32x10"
2 217045459 rs115541932 G/C 0.05 0.04 0.07 0.48(0.42-0.54) 0.99 1.18x10" 2.79x10%7
12 7877133 rs116065203 T/C 0.02 0.01 0.03 0.30(0.19-0.40) 0.95 1.56x10% 1.61x10°°
2 216901488 rs145526842 G/T 0.05 0.04 0.07 0.48(0.42-0.55) 0.98 2.94x10" 7.32x10
18 59460619 rs865967246 T/A 0.02 0.02 0.04 0.36(0.27-0.45) 0.96 4.26x107 7.24x10%7
12 7945220 rs138749719 G/A 0.02 0.01 0.03 0.35(0.26-0.44) 0.88 6.22x10%7 2.29x10%
1 56422262  rs111639778 C/T 0.05 0.04 0.07 0.50(0.44-0.56) 0.95 6.32x10" 7.93x10"
10 9407865 rs188272214 G/T 0.03 0.02  0.05 0.43(0.36-0.51) 0.89 7.52x10"7 1.57x10°°
13 97963979 rs9516904 c/T 0.26 0.24 0.31 0.72(0.69-0.75) 0.99 8.83x10 7.21x10”
9 25746158  rs112921862 G/A 0.05 0.04 0.07 0.52(0.46-0.58) 0.94 1.04x10% 1.70x10%
15 65314785  rs371764873 T/C 0.03 0.03  0.05 0.46(0.39-0.53) 0.93 1.20x10° 2.23x107°¢
2 216880116 rs145253178 A/G 0.05 0.04 0.07 0.50(0.44-0.57) 0.98 1.29x10% 2.35x107°¢
16 85881838 rs76039744 C/A 0.03 0.02  0.05 0.42(0.34-0.50) * 1.35x10% 9.02x10
16 27169029 rs115002746 /T 0.04 0.03 0.06 0.49(0.43-0.56) * 1.41x10°° 2.92x107°¢
20 16863532 rs4813253 G/C 0.17 0.18 0.13 1.45(1.42-1.49) 0.92 1.48x10° 1.85x10°
7 1382779 rs115505008 G/T 0.05 0.04 0.07 0.52(0.46-0.58) 0.85 1.60x10% 2.99x107°¢
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e poston  rsiD(Efecjnon. COTEING CoSe COMUOLgpigpycy ImBUER L Permutaton
(hg19) effect)
11 57990067 rs12272272 G/T 0.03 0.04 0.01 2.20(2.13-2.28) 0.97 1.70x10% 4.60x10°°
10 9415189 rs1932182 C/A 0.21 0.19 0.25 0.71(0.68-0.74) * 1.70x107° 1.35x10°
3 102528107  rs66470546 G/A 0.11 0.10 0.15 0.65(0.61-0.69) * 1.72x107°° 3.48x107¢
10 92837157 rs75449186 T/G 0.05 0.04 0.07 0.52(0.45-0.58) 0.98 1.75x107° 3.83x107°°
14 26911358 rs178232 T/C 0.18 0.16 0.22 0.70(0.66-0.73) * 1.81x10° 2.04x107°°
6 26839716 rs932626 G/T 0.30 0.29 0.35 0.74(0.71-0.77) 0.99 1.84x10° 1.12x10°
6 91626725 rs9451526 T/G 0.10 0.09 0.14 0.63(0.59-0.67) 0.98 1.92x10% 1.45x10%
6 91626257 rs9444802 T/C 0.10 0.09 0.14 0.63(0.59-0.67) 0.98 1.98x107° 1.43x10°°
16 55921797 rs3848304 G/A 0.19 0.18 0.23 0.70(0.67-0.73) * 2.06x107°¢ 3.14x107°¢
7 12911532  rs139434414 G/A 0.06 0.05 0.08 0.56(0.50-0.61) 0.99 2.17x107°¢ 3.55x107¢
3 77643616 rs775722 C/T 0.29 0.31 0.25 1.35(1.32-1.38) 0.97 2.32x107°° 3.40x107°°
10 10019033  rs111486994 C/A 0.02 0.01 0.03 0.36(0.26-0.45) 0.90 2.34x107°° 2.63x107°°
21 40399795 rs1000388 G/C 0.04 0.04 0.06 0.50(0.43-0.56) 0.99 2.47x107°¢ 4.01x10°
7 32203233 rs75961274 A/C 0.02 0.01 0.03 0.34(0.24-0.44) 0.98 2.52x107°¢ 1.17x10%
6 91630849 rs12332852 G/A 0.10 0.09 0.14 0.63(0.59-0.68) 0.98 2.56x107°° 1.95x107°°
10 9416664 rs73577078 A/G 0.20 0.19 0.25 0.71(0.68-0.74) * 2.58x107¢ 2.02x107¢
18 56238912 rs6566983 c/T 0.39 0.37 0.44 0.75(0.73-0.78) 0.97 2.62x107¢ 2.60x107¢
6 91631760 rs13437071 G/A 0.10 0.09 0.14 0.64(0.59-0.68) 0.98 2.78x107°¢ 2.16x107°°
9 25698354 rs4498644 G/A 0.04 0.03 0.05 0.47(0.40-0.54) 0.89 2.82x107°° 4.53x107°°
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e poston  rsiD(Efecjnon. COTEING CoSe COMUOLgpigpycy ImBUER L Permutaton
(hg19) effect)
1 191095808 rs375191664 A/G 0.02 0.01 0.03 0.36(0.27-0.46) 0.96 2.86x10°¢ 3.24x107°¢
15 65291023  rs116466960 T/C 0.04 0.03 0.06 0.49(0.42-0.55) 0.95 2.89x107°¢ 3.91x107°
21 39213412 rs2836017 c/T 0.05 0.04 0.08 0.55(0.49-0.60) 0.96 2.89x107°¢ 6.44x107°
17 29867268 rs73988096 T/C 0.29 0.28 0.34 0.74(0.71-0.77) 0.99 2.90x107°° 3.08x107°°
5 1642876 rs192816812 A/G 0.02 0.02 0.04 0.39(0.30-0.48) 0.91 2.97x107°° 4.78x107°°
13 105416994 rs1652876 A/C 0.26 0.27 0.21 1.37(1.34-1.40) 0.99 3.12x107°¢ 3.08x107¢
15 95798419 rs74035605 c/T 0.05 0.05 0.08 0.55(0.49-0.60) 0.89 3.14x107° 5.43x107°
11 42697268 rs61900814 G/A 0.10 0.09 0.13 0.63(0.58-0.67) * 3.45x107°° 6.24x107°°
11 131391245  rs11222683 G/A 0.03 0.03 0.05 0.46(0.39-0.53) 0.92 3.48x107°¢ 4.79x10°°
15 65289367 rs77552540 c/T 0.04 0.03 0.06 0.49(0.42-0.56) 0.95 3.60x107°¢ 4.81x10°
20 59075447  rs138841903 A/G 0.02 0.02 0.04 0.42(0.33-0.50) 0.95 3.71x107°¢ 8.37x107°°
15 65307313  rs115188225 T/C 0.03 0.02 0.05 0.44(0.37-0.52) 0.91 3.71x107°¢ 5.19x107°°
7 32192891 rs78941744 A/G 0.02 0.01 0.03 0.35(0.25-0.45) 0.98 3.72x107°¢ 1.40x10%
9 75672082 rs7038560 T/C 0.35 0.36 0.30 1.33(1.30-1.36) * 3.72x107°¢ 2.79x107°¢
2 7855796 rs144732806 C/T 0.09 0.08 0.11 0.61(0.57-0.66) 0.91 3.77x107°® 5.65x107°°
10 92837177 rs17104915 G/C 0.07 0.06 0.10 0.59(0.54-0.64) 0.99 3.79x107°¢ 7.44x107°¢
10 92837261 rs17104921 A/G 0.07 0.06 0.10 0.59(0.54-0.64) 0.99 3.79x107°¢ 7.44x107°¢
6 66214075 rs116248478 T/C 0.09 0.08 0.11 0.61(0.57-0.66) * 3.87x107°¢ 4.26x107°°
11 42693837 rs4415751 T/G 0.10 0.09 0.13 0.63(0.58-0.67) 0.99 3.93x107°° 6.97x107°°
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e poston  rsiD(Efecjnon. COTEING CoSe COMUOLgpigpycy ImBUER L Permutaton
(hg19) effect)
10 92837380 rs75524400 G/A 0.07 0.06 0.10 0.59(0.54-0.64) * 4.08x10° 8.18x107¢
3 141339032 rs139299680 c/T 0.02 0.02 0.03 0.38(0.29-0.47) 0.85 4.24x107°° 1.76x10%
6 166195063 rs9459506 A/G 0.42 0.40 0.47 0.77(0.74-0.79) * 4.25x107°° 5.08x107°¢
5 116132396 rs2964670 G/T 0.29 0.28 0.34 0.74(0.71-0.77) 0.98 4.29x107°° 4.55x107°°
11 42716362 rs61898781 T/G 0.10 0.09 0.13 0.63(0.58-0.67) * 4.34x107°° 7.59x107°°
7 104587969  rs553507851 T/C 0.02 0.02 0.04 0.42(0.33-0.50) 0.87 4.46x107°° 1.67x10%
7 104584892  rs567549498 A/T 0.02 0.02 0.04 0.42(0.33-0.50) 0.87 4.46x107°° 1.67x10%
14 84955836  rs112339522 T/G 0.14 0.13 0.18 0.68(0.64-0.72) 0.99 4.57x107°° 8.01x107°°
7 12908470 rs79459095 A/G 0.06 0.05 0.08 0.57(0.51-0.62) 0.99 4.60x107°° 7.72x10°
6 26801457 rs4236042 C/G 0.38 0.37 0.43 0.76(0.74-0.79) 0.96 4.92x10°° 3.33x10°¢

* Genotyped SNP, EAF: Effect allele frequency, OR: odds ratio, 95%Cl: 95% confidence interval, OR and 95% Cl calculated in reference to effect allele
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The lead signal on chromosome 2, in addition to being supported by two SNPs at genome-wide
significance, is further supported by several other SNPs reaching the suggestive significance
threshold (p-value<5x107) (Figure 4.9 and Table 4.2). The LocusZoom plot of this locus shows
that the top three SNPs all lie within an intronic region of the XRCC5 gene (Figure 4.10A), and
SNPs in high LD with rs77422433 (r>>0.8) span across PECR (rs145526842, p-value=2.94x10"7)
and MREG (rs145253178, p-value=1.29x107°®). The association at this locus is likely to be
African-specific as the effect allele has very low frequencies in non-African populations. The
genome-wide significant signal on chromosome 16 (rs3859109) is an intronic variant in the gene
CES5A (Figure 4.10B). It is a genotyped SNP with three distinct genotype clusters (Figure 4.11).

The lead signal at this locus is supported by several other SNPs in the region.

72



A0 | 7~ - 100
0.8
0.6
8 - 04 rs7742243 L 80
02
0. .
@ @
® 8
- 3
g 6 o PY ~ 60 g
@ (O]
> [=4
1 o
o 5
E o
g T
: 3
=
=
=z
<LINC00607 <MREG <PECR XRCCH5— <~ MARCH4 SMARCALT—=
TMEM169—= LINCO1963—= RPL37A—
—H [] H
I I I
216.6 216.8 217 217.2
Position on chr2 (Mb)
B 10 4 100
8 rs3859109 L 80
® Py
[0
Q
o
sax 3
o o
= =5
© V]
> -3
1 o
o 5
& g
] o
T °
=
=
L=

MMP2— SLC6A2—> CES1P1—> < CES5A <1 0C283856
e ] ] ey [
LPCAT2—> CES1P2—> <-CES1 GNAOT1—
i —H——H HHHH HHHHH —_—v
CAPNS2—> <-DKFZP434H168
1 '
MIR39?5——>
I I I I
55.6 55.8 56 56.2

Position on chr16 (Mb)

Figure 0.10: Breast cancer GWAS regional plots using LocusZoom.

A. Top hit on chromosome 2, rs77422433 in the XRCC5 gene. B. Top hit on chromosome 16,
rs3859109 in the CES5A gene. Plots show top hits with supporting SNPs surrounding it. Plots
were generated using resident African GWAS LD as a reference.
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Figure 0.11: Genotype cluster plot of rs3859109.

The top hit on chromosome 16 (genomic location=55910551) was a genotyped SNP.
X: raw intensity of A allele, Y: raw intensity of B allele, NORMX: normalised intensity
of A allele, NORMY: normalised intensity of B allele, R: normalised R-value for the
sample, THETA: normalised theta-value for the sample, LRR: base-2 log of the
normalised R value over the expected R value for the theta value (interpolated from
the R-values of clusters, BAF: B allele frequency for the sample as interpolated from
known B allele frequencies of 3 canonical clusters: 0, 0.5 and 1 if it is equal to or
greater than the theta mean of the BB cluster.



A SNP on chromosome 20 (rs2143559) also reached genome-wide significance for association

with breast cancer, with a p-value<5x10°8. However, this SNP had no evidence of support from
surrounding SNPs. This was a genotyped SNP, so the cluster plot was investigated (Figure 4.12)
and displayed poor genotype clusters (indicated by red arrows in Figure 4.12). | concluded that

the genotype data for this SNP was unreliable | therefore excluded it from analyses.
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Figure 0.12: Genotype plot for rs2143559.

Genotype plot for rs2143559 on chromosome 20. This SNP was poorly genotyped as can be seen by
the poor cluster formation (no genotype classified SNPs). Poor clusters are indicated by red arrows.
Figure abbreviations as per Figure 4.11.
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4.5. Fine mapping and functional analysis
4.5.1. FINEMAP: 95% credible set

A Bayesian-guided approach to identify the 95% credible sets for the top loci was performed
using FINEMAP (v1.4) (Benner et al., 2016). The results from FINEMAP (Table 4.3) showed that
there were six SNPs in total that were listed as 95% credible SNPs that could be causal, four
SNPs for the chromosome 2 locus and two SNPs for the chromosome 16 locus. The top SNPs
from each of the two loci that were significantly associated with breast cancer on chromosomes
2 and 16 were most likely to be the causal SNPs for their respective loci. The SNP on
chromosome 2, rs77422433, had a 0.47 posterior probability of being the causal SNP, and the
SNP on chromosome 16 (rs3859109) had a 0.94 posterior probability of being the causal SNP.
The remaining SNPs had posterior probabilities of less than 0.40. The first two variants listed for
chromosome 2 were associated with breast cancer at genome-wide significance, and the latter
two showed suggestive association: rs115541932 (p-value=1.18x10"%7) and rs145526842
(2.94x10%). In addition to the top hit on chromosome 16, there was one more SNP in that locus
that was listed as a credible causal SNP: rs3848304 (p-value=2.06x107). Thus at present
rs77422433 on chromosome 2 and rs3859109 on chromosome 16 are the most likely causal

variants at these loci.

Table 0.3. Credible set of causal variants in chromosomes 2 and 16

Allele Probability of Lead SNP
Chr rs ID Position (effect/non- being a causal log10bf" h? h2 95%Cl according to
effect) SNP COJO#
rs77422433 216999015 T/A 0.47 2.94 0.0077 0.003-0.014 Yes
, rs112410019 217013506 T/G 0.32 2.66 0.0075 0.003-0.014 No
rs115541932 217045459 G/C 0.14 2.2 0.0071 0.003-0.012 No
rs145526842 216901488 G/T 0.06 1.82 0.0066 0.002-0.012 No
rs3859109 55910551 A/T 0.94 4.32 0.0077 0.003-0.014 Yes
16 rs3848304 55921797 G/A 0.02 1.48 0.0057 0.002-0.011 No

* log10 Bayes factors which quantify the evidence that the SNP is causal. A log10 Bayes factors greater than 2 reports
considerable evidence. #Conditional and Joint Analysis.
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4.5.2. eQTL results from FUMA

The potential functional consequences of associated SNPs were assessed using FUMA

(https://fuma.ctglab.nl/). The FUMA annotation showed that 95% of the variants with

suggestive or genome-wide significant association with breast cancer were in intronic or
intergenic regions. The genes from both top loci, XRCC5

(https://www.gtexportal.org/home/gene/XRCC5), and CES5A

(https://www.gtexportal.org/home/gene/CES5A) are expressed in breast tissue. However, none

of the genome-wide significant SNPs in the GWAS had eQTLs associated with them. This is not
surprising for the XRCC5 locus since the associated SNPs are extremely rare or absent in non-

African populations thus no eQTL data exists.

However, eight loci were associated with eQTLs (prpor<0.05) and are listed in Table 4.4. The pror
explains the significance of which the expression of the gene is linked to the SNP. Only one of
the eight SNPs showed suggestive significance with breast cancer in the GWAS (rs932626).
There were three loci on chromosome 6 that were strongly associated with eQTLs in breast
tissue: rs10946859 with BTN3A2, rs932626 with ZNF322 and rs12203512 with HMGN4. A locus
on chromosome 5 was associated with an eQTL mapped to C5orf22. A fifth locus on
chromosome 18 was associated with an eQTL mapped to MALT1 (rs35591632). The sixth locus is
on chromosome 19: rs2431807mapped to an eQTL in SMIM?7. The seventh locus on
chromosome 20 mapped to an eQTL in TOX2, and the final locus, rs17761473, on chromosome

22 mapped to an eQTL in SF/1.
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Table 0.4. Results of eQTL analysis in breast tissue mapped to breast cancer from FUMA

eQTL analysis in breast tissue

African breast cancer GWAS

Gene
Genomic
Tested P-value variant is Alleles Case Control
rsiD Chr Position OR(95%Cl) P-value
allele (FDR) associated | (EA/AA) EAF EAF
(hg19)

with
rs13190047 5 31565524 T 9.16x10708 C5orf22 T/C 0.04 0.06 0.53(0.46-0.59) 5.88x107°
rs932626 6 26839716 G 4.49x10%8 ZNF322 G/T 0.29 0.35 0.74(0.71-0.77)  1.84x10°
rs10946859 6 26851785 G 1.46x1072 BTN3A2 G/A 0.37 0.42 0.81(0.78-0.84)  5.82x10%
rs12203512 6 26906017 T 4.01x107°° HMGN4 T/C 0.31 0.37 0.77(0.74-0.80)  2.53x10%
rs35591632 18 56241611 A 1.30x10°6 MALT1 A/G 0.24 0.28 0.82(0.79-0.85)  3.71x10®
rs2431807 19 16798471 A 2.50x10% SMIM7 A/C 0.24 0.29 0.77(0.74-0.80)  8.33x10%
rs244065 20 42430824 C 1.60x10%7 TOX2 A/C 0.39 0.36 1.15(1.12-1.18) 1.98x10°02
rs17761473 22 32217162 T 1.38x1014 SFI1 T/C 0.04 0.06 0.53(0.46-0.59) 5.88x107°¢

FDR false discovery rate, EA effect allele, AA alternate allele, EAF effect allele frequency, OR odds ratio, 95%Cl 95%
confidence interval

4.5.3. Functional annotation

SNPs associated with breast cancer at p-value<5x10%* were queried on SNP-nexus (snp-

nexus.org). SNP-nexus is a web-based variant annotation tool for novel genomic variant

functional annotation. Of all the SNPs that were submitted to SNP-nexus, only three missense

variants were annotated as potentially deleterious by both SIFT and PolyPhen are listed in Table

4.5, but they did not reach genome-wide or suggestive significance for association with breast

cancer.
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Genomic Alleles  Control P-value in
rsID Chr  Position Gene SIFT PolyPhen (EA/AA) AF OR(95%Cl) African
(hg19) GWAS
0.01 0.755 0.50(0.42-
rs3213746 2 37458668 CEBPZ (Deleterious - (Possibly A/G 0.04 ' 0 59') 2.14x10°04
Low Confidence) Damaging) '
0.829
rs238829 17 39306004 KRTAP4-5 0'00. (Possibly G/A 0.21 0.73(0.69- 5.62x10°05
(Deleterious) . 0.76)
Damaging)
0.518
rs2231987 19 19030120 COPE 0'01. (Possibly C/G 0.25 1.25(1.22- 4.89x10°%4
(Deleterious) ) 1.28)
Damaging)

Table 0.5. SNPs predicted to be deleterious by PolyPhen and SIFT in SNP-nexus

EA effect allele, AA alternate allele, AF allele frequency, OR odds ratio, 95%Cl 95% confidence interval

4.6. Replication

4.6.1. Replication of known breast cancer risk SNPs in the African breast cancer GWAS

Previously known breast cancer risk SNPs from the BCAC European (10,052 cases and 12,575
controls) and African American (1,116 cases and 932 controls) data were assessed to see
whether they were replicated in the resident African dataset (Michailidou et al., 2013). |
assessed the direct replication of the known risk variants. No previously known breast cancer
risk variants reached genome-wide significance in the resident African study. There were 17
potential risk SNPs (p-value<5x10®) from the BCAC African American GWAS present in the
resident African breast cancer GWAS data, but none of these was replicated at p-value<0.01
(Table 4.6). The lowest p-value was 3.89x107°2 for rs28710983 on chromosome 1, but this SNP
had different directions of effect between the resident African breast cancer GWAS and the
BCAC African-American GWAS. Thus, | was not able to replicate any known risk markers

previously described for breast cancer.
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Table 0.6. Replicating top hits (p-value<5x10°°) from BCAC African American hits in African

breast cancer GWAS
BCAC African American African Breast Cancer GWAS
Chr Position rsiD EA AA EAF OR P-value EA AA EAF OR(95%Cl) P-value
1 95027644 rs28710983 T C 0.21 0.64 4.50x10-% T C 0.16 1.18(1.14-1.21) 3.89x10°02
18 29851354 rs142371098 T C 0.03 0.25 1.00x10%6 T c 0.03  0.75(0.68-0.82) 6.91x1002
7 156447989 rs35694305 T G 0.13 1.83 4.10x10706 T G 0.13  0.87(0.83-0.90) 1.01x100t
18 29817381 rs141241593 T C 0.03 0.26 1.70x1006 T C 0.02  0.72(0.62-0.83) 1.73x100t
18 29823912 rs114304899 C T 0.03 0.25 5.40x1007 c T 0.02 0.76(0.67-0.85) 1.76x10°01
6 40343771 rs9471329 C T 0.16 0.6 3.70x10°06 C T 0.12  0.90(0.86-0.94) 2.35x10°01
7 132017964 rs10263528 T C 0.24 0.65 2.10x106 T C 0.32  0.95(0.92-0.97) 3.83x10°0%
6 92751723 rs2452973 T A 0.46 0.73 4.60x10706 T A 0.37  0.95(0.92-0.98) 3.85x10°01
3 174407207 rs511304 A C 0.25 1.56 2.20x106 A C 0.37 1.05(1.02-1.08)  4.09x10°0%
6 92766490 rs2452979 C T 0.42 0.7 2.00x10% C T 0.36  0.96(0.94-0.99)  5.30x10%%
6 92766491 rs2452980 T A 0.42 0.7 2.00x10% T A 0.36  0.96(0.94-0.99) 5.30x10°01
11 41175597 rs10837587 A G 0.09 0.55 3.50x10% A G 0.07 0.94(0.89-0.99) 5.57x10%
5 125917125 rs78019446 T C 0.03 3.1 2.80x10% T C 0.07 0.94(0.89-0.99)  5.78x10%
7 132037749 rs73434896 T A 0.25 0.62 2.90x1097 T A 0.21  0.96(0.93-0.99) 5.98x10°01
3 171367959 rs73038091 A G 0.24  0.69 4.50x10706 A G 0.19 1.04(1.00-1.07) 6.31x10%
1 234451146 rs611676 G A 0.28 0.66 3.30x10% G A 0.18 0.99(0.95-1.02)  8.58x10%
18 29140167 rs62095230 A G 0.13 0.55 2.00x10% A G 0.08 1.02(0.97-1.06)  8.72x10°0t

EA: effect allele, AA: alternate allele, EAF: effect allele frequency, OR: odds ratio, 95%Cl: 95% confidence interval

The European BCAC GWAS data described 8,563 SNPs with p-value<5x10°8, of which 3,875 SNPs
were present in the resident African breast cancer GWAS. Of the 3,875 SNPs, 33 SNPs showed
modest associations (p-value<0.01) in the resident African dataset (Table 4.7). Two European
loci showed some evidence of replication in the resident African dataset: chromosome 10
(rs719338, p-value=1.02x10"°*, OR=1.26, 95%ClI=1.24-1.29) and chromosome 3 (rs2322830, p-
value=3.08x10°3, OR=0.83, 95%Cl=0.81-0.86), but would not be significant after correction for

the number of tests done.
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Table 0.7. Test for replicating top hits (p-value<5x108) from BCAC European hits in the African

breast cancer GWAS.
BCAC European African Breast Cancer GWAS
Chr  Position rs 1D EA Aa oMol op  phale | EA AA MOl opieswa) P-value
EAF EAF
10 80851257 rs719338 | T G 061 092 370x10% [ G T 0.34 1.26(1.24-1.29)  1.02x10%
10 80852378  rs1268974 | G A 061 092 6.00x106 | A G 0.29 1.26(1.23-1.29)  2.13x10°%4
10 80849153  rs1269867 | T C 051 094 280x10% | T C 0.49 0.83(0.81-0.86)  1.66x103
10 80853247  rs1250014 | C G 057 092 1.40x10%5 | G C 0.06 1.41(1.36-1.46)  1.95x10°%3
3 4745230 rs2322830 | ¢ T 056 106 3.80x10% | T C 0.40 0.83(0.81-0.86)  3.08x103
10 80846517  rs1250006 | A T 050 094 420x10% | T A 0.45 1.18(1.16-1.21)  4.23x10°%3
3 4731468 rs9866837 | T  C 056 106 4.80x10% | T C 0.23 1.21(1.18-1.24)  5.50x10°03
3 4731593 rs6803046 | A G 056 106 530x10%° | A G 0.23 1.21(1.18-1.24)  5.50x10°03
3 4731442 28391200 | A G 056  1.06 590x10%° | A G 0.23 1.21(1.18-1.24)  5.50x10°%3
3 4731505 rs6802947 | A G 056  1.06 5.90x10% | A G 0.23 1.21(1.18-1.24)  5.50x1003
3 4731533 rs9828130 | A G 056 106 6.10x10% | A G 0.23 1.21(1.18-1.24)  5.64x1003
2 218302013  rs2618146 | G A 032 107 410x102 | G A 0.42 1.18(1.15-1.20)  5.66x10°%3
10 80842827 rs704007 | A C 051 095 6.40x10% | C A 0.47 1.18(1.15-1.20)  5.72x10°03
3 4732040 rs6803471 | A G 056 106 630x10% | A G 0.23 1.20(1.18-1.23)  5.83x10°%3
3 4730867 rs4685799 | T C 056 106 450x10% | ¢ T 0.42 0.85(0.82-0.87)  6.16x10%3
16 52579906  rs8044585 | A C 044 111 420x102° | C A 0.27 1.19(1.16-1.22)  6.33x1003
3 4731942 rs6792465 | G A 055 106 4.80x10% | G A 0.23 1.20(1.17-1.23)  6.41x10%3
3 4731977 rs6792539 | G A 056  1.06 570x10% | G A 0.23 1.20(1.17-1.23)  6.41x10°%3
22 40819013  rs73167030 | C T 010 112 830x10% | Cc T 0.28 1.19(1.16-1.22)  6.56x10°%3
2 217936148 rs12996888 | T G 023 091 110x10% | T G 0.36 0.84(0.81-0.87)  6.77x10°%3
3 4732352 rs9833138 | T G 0.53 1.06 1.10x10% | T G 0.24 1.20(1.17-1.23)  7.31x10°%3
16 80643675  rs2060861 | C T 0.23 1.08  1.30x10% | T C 0.47 0.85(0.83-0.88)  7.36x10%3
22 40819154  rs12159970 | A G 010 112 160x10B3 | A G 0.28 1.19(1.16-1.22)  7.64x10°%3
16 52582816  rs1362550 | G C 046 113 9.40x10% | C G 0.25 1.19(1.16-1.22)  7.93x10°%3
3 4742825 rs9846046 | C T 056  1.06 4.80x10% | T C 0.38 0.85(0.82-0.88)  8.04x10%3
3 4734181  rs11918796 | C T 056  1.06 4.40x10% | T C 0.48 0.85(0.83-0.88)  8.04x10%3
3 4731586 rs6803045 | A G 056  1.06 3.50x10% | G A 0.40 0.85(0.82-0.88)  8.11x103
10 80855423  rs10762844 | A G 039  1.07 260x102 | A G 0.46 1.16(1.14-1.19)  8.69x10°%3
16 52583847  rs3095605 | G A 046 112 110x10% | A G 0.25 1.19(1.16-1.22)  9.01x10°%3
5 56043426  rs7716644 | T C 057 091 3.50x102! | T o 0.26 0.83(0.80-0.87)  9.35x103
2 217927421 rs17778798 | C T 025 091 480x10%® | Cc T 0.22 0.83(0.79-0.86)  9.54x10%3
2 218301119  rs4674176 | C G 071 093 1.70x103 | G o 0.25 1.19(1.16-1.22)  9.63x10°%3
16 52580247  rs4784224 | A C 045 113 130x10% | C A 0.33 1.17(1.14-1.20)  9.69x10°%3

EA: effect allele, AA: alternate allele, EAF: effect allele frequency, OR: odds ratio, 95%Cl: 95% confidence interval
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4.6.2. Replication of South African breast cancer SNPs in other populations

| assessed whether any of the 67 SNPs from the resident African breast cancer GWAS with p-

value<5x10® were replicated in the African-American GWAS or the European population GWAS

from BCAC. Of the 67 SNPs, 60 SNPs were present in the African-American dataset, four SNPs in

the dataset had p-valueaa<0.05 and only one SNP reached p-valueaa<0.01 (Table 4.8):

chromosome 3, rs139299680 (p-valueaa=0.004).

Table 0.8. Replicating top hits from the African breast cancer GWAS in the BCAC African

American GWAS (p-value<0.05)

African Breast Cancer GWAS BCAC African American
Chr rsID Position EA AA EAF OR(95%Cl) P-value EA AA EAF OR P-value
3 rs139299680 141339032 || C T 0.02 0.38(0.29-0.47) 4.24x10% C T 0.03 0.50 4.20x10°3
18 rs6566983 56238912 C T 039 0.75(0.73-0.78)  2.62x10% T C 0.56 1.20 3.10x10°02
6 rs116248478 66214075 T C 0.09 0.61(0.57-0.66) 3.87x10°0¢ T C 0.10 1.29  3.40x10°?
2 rs144732806 7855796 C T 009 0.61(0.57-0.66) 3.77x10% C T 0.01 246  3.60x10°02

EA: effect allele, AA: alternate allele, EAF: effect allele frequency, OR: odds ratio, 95%Cl: 95% confidence interval

There were far fewer SNPs shared in the European population GWAS where only 32 SNPs of the

67 SNPs were present, with no evidence for replication (p-valueeyr<0.01) of the African breast

cancer GWAS top hits (Table 4.9).
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Table 0.9. Replicating top hits from the African breast cancer GWAS in the BCAC European

GWAS
African Breast Cancer GWAS BCAC European
Chr rsID Position EA AA Control OR(95%Cl) P-value EA AA Control OR P-value
EAF EAF

11 rs11222683 131391245 || G A 0.05 0.46(0.39-0.53) 3.48x10% | G A 0.08 1.06 2.10x10?
16 rs3848304 55921797 G A 0.23 0.7(0.67-0.73)  2.06x10% | A G 0.76 098 1.20x10™
rs775722 77643616 C T 0.25 1.35(1.32-1.38) 2.32x10% | ¢ T 046 098 1.60x10°
rs2964670 116132396 | G T 0.34 0.74(0.71-0.77) 4.29x10% || G T 0.42 099 1.70x10™
10 rs1932182 9415189 C A 0.25 0.71(0.68-0.74) 1.70x10° | C¢ A 0.06 097 1.90x10
21 rs1000388 40399795 G C 0.06 0.5(0.43-0.56)  2.47x10% | G C 0.17 098 2.00x10
11 rs61900814 42697268 G A 0.13 0.63(0.58-0.67) 3.45x10% | G A 0.18 1.02 2.20x10™
10  rs73577078 9416664 A G 0.25 0.71(0.68-0.74) 2.58x10% | A G 0.06 097 2.30x10
11 rs4415751 42693837 T G 0.13 0.63(0.58-0.67) 3.93x10% | T G 0.18 1.01 2.40x10
6 rs4236042 26801457 C G 0.43 0.76(0.74-0.79) 4.92x10% || C G 066 1.01 2.50x10"
11  rs61898781 42716362 T G 0.13 0.63(0.58-0.67) 4.34x10% | T G 0.18 1.01 2.60x10°
10  rs17104921 92837261 A G 0.10 0.59(0.54-0.64) 3.79x10% || A G 0.08 098 2.90x10
10  rs75524400 92837380 | G A 0.10 0.59(0.54-0.64) 4.08x10% | G A 0.08 098 3.00x10
10  rs75449186 92837157 T G 0.07 0.52(0.45-0.58) 1.75x10% || T G 0.08 098 3.10x10™
10  rs17104915 92837177 G C 0.10 0.59(0.54-0.64) 3.79x10°¢ || G C 0.08 098 3.10x10™
6 rs9459506 166195063 || A G 0.47 0.77(0.74-0.79)  4.25x10% || A G 033 099 3.40x10™
rs111639778 56422262 C T 0.07 0.5(0.44-0.56)  6.32x10%7 | C T 0.00 1.16 3.60x10°
13 rs1652876 105416994 | A C 0.21 1.37(1.34-1.4)  3.12x10% || A C 0.55 099 3.70x10
14 rs178232 26911358 T C 0.22 0.7(0.66-0.73) 1.81x10°% | C T 0.86 1.02 4.20x10™
9 rs7038560 75672082 T C 0.30 1.33(1.3-1.36)  3.72x10% || T C 0.01 093 4.40x10™
18 rs6566983 56238912 C T 0.44 0.75(0.73-0.78) 2.62x10% | T C 0.49 099 4.50x10™
2 rs144732806 7855796 C T 0.11 0.61(0.57-0.66) 3.77x10% || ¢ T 0.00 091 4.50x10™
20 rs4813253 16863532 G C 0.13 1.45(1.42-1.49) 1.48x10% || G C 057 1.01 4.60x10™
16 rs3859109 55910551 A T 0.37 0.7(0.68-0.73)  3.01x10% | T A 0.54 099 5.30x10"
17  rs73988096 29867268 T C 0.34 0.74(0.71-0.77)  2.90x10% | T C 0.02 098 5.40x10™
21 rs2836017 39213412 C T 0.08 0.55(0.49-0.6)  2.89x10% | T C 0.74 099 6.20x10"
rs192816812 1642876 A G 0.04 0.39(0.3-0.48) 2.97x10% || A G 0.00 097 7.90x10
rs932626 26839716 G T 0.35 0.74(0.71-0.77) 1.84x10% || G T 0.53 1.00 8.60x10*
13 rs9516904 97963979 C T 0.31 0.72(0.69-0.75) 8.83x10%7 | ¢ T 050 1.00 8.90x10
6 rs116248478 66214075 T C 0.11 0.61(0.57-0.66) 3.87x10% || T C 0.00 1.01 9.30x10™
16  rs76039744 85881838 C A 0.05 0.42(0.34-0.5)  1.35x10% || Cc A 0.03 1.00 9.40x10™
3 rs66470546 102528107 || G A 0.15 0.65(0.61-0.69) 1.72x10% | A G 0.80 1.00 9.70x10

EA: effect allele, AA: alternate allele, EAF: effect allele frequency, OR: odds ratio95%Cl: 95% confidence interval
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4.7. Meta-analysis

A meta-analysis was carried out using the African American GWAS data from BCAC and the
resident African breast cancer GWAS to assess whether an increase in power derived from two
populations of African ancestry might provide further insight into a potential shared risk
variants. The meta-analysis was performed under fixed-effect and weighted by the sample-size
of each study. There were 2,573 cases and 744 controls from the African breast cancer GWAS,
and 1,116 cases and 932 controls in the African American GWAS data. The Manhattan plot of
the meta-analysis showed some of the loci of interest on chromosomes 2, 3, 10 and 18 (Figure
4.13). While no SNPs reached genome-wide significance in the meta-analysis, one SNP on
chromosome 3, rs139299680, reached a p-value of 7.25x10°% with no support from surrounding
SNPs (Figure 4.13), and a further 22 SNPs showed suggestive evidence of association, including
nine SNPs at the same locus on chromosome 10 (Table 4.10). Although this locus does not show

a tower on the Manhattan plot, it has a lot of support at p-value<2.5x107°°,

84



Table 0.10. Meta-analysis with African breast cancer data and BCAC African American data

BCAC
Meta- N African African

Chr Position rsiD A"f le AII:Ie analysis p- ?)Ifr:::;:: GWAS p- American
value value GWAS p-

value
3 141339032 rs139299680 T C 7.25x10°8 ++ 4.24x10706 4.20x10703
18 56238912 rs6566983 T C 4.98x10°7 ++ 2.62x10°¢ 3.10x10°?
15 61230296 rs4775326 A G 9.84x10%7 ++ 1.54x10%* 1.90x10%3
15 91586210 rs4932386 C G 1.21x10°¢ - 1.90x10°%* 1.90x10%3

33132788 rs34813509 A G 1.25x10°¢ - 2.42x10°%4 0.15

217013506 rs112410019 T G 1.29x10°¢ - 4.54x10708 0.38
18 56241254 rs7232632 A G 1.49x107¢ - 8.75x10°06 3.30x10°2

216999015 rs77422433 A T 1.52x10°¢ ++ 2.89x10°8 0.47
801068 rs73673021 A T 1.66x10°¢ - 2.29x10°% 1.80x10°2
10 92304027 rs74148447 A G 2.04x10°¢ ++ 7.50x10°¢ 4.70x10702
10 92304037 rs74148759 A G 2.04x100¢ - 7.50x107¢ 4.70x10°0?
10 92304190 rs149171056 A G 2.04x10°¢ ++ 7.50x10°¢ 4.70x10702
13 100567716 rs1924101 C G 2.23x107°° ++ 1.10x10%4 6.20x10°%3

8 136442797 rs56204805 A G 2.28x10°¢ - 7.33x10°% 0.6

10 92306530 rs74148762 A C 2.45x100¢ - 9.31x10°%6 4.70x10°0?
10 92308153 rs114231835 T G 2.45x10°¢ - 9.31x107%° 4.70x10702
10 92308248 rs77366015 T G 2.45x10°° ++ 9.31x10°%6 4.70x10°0?
10 92309037 rs79846022 A G 2.45x10°¢ ++ 9.31x107%° 4.70x10702
10 92309526 rs7084013 T C 2.45x10°¢ - 9.31x10°%¢ 4.70x10°0?
10 92312110  rs7087035 T C 2.51x100 ++ 9.31x10% 4.80x10°2
20 59665974  rs145559620 A G 2.80x10°¢ - 2.71x10°%4 3.20x10°%3
16 55881326 rs111922842 T C 2.88x10°¢ - 6.17x10% 1.30x10°%3
11 44053415 rs74957006 C G 2.96x10°¢ - 1.20x10°%* 7.60x10°%3
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Figure 0.13: Manhattan plot of meta-analysis.
Manhattan plot shows no significantly associated SNPs with breast cancer in the meta-analysis of the African breast cancer data and the
BCAC African American data. Red dotted line: p-value5x10%. Blue dotted line: p-value5x10°°
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Figure 0.14: Regional plot using LocusZoom of the top marker in the meta-analysis of the
resident African data and BCAC African American data.

Although evidence of trans-ethnic replication was limited, the possible reasons for this will be

discussed in chapter 5.

4.8. Polygenic Risk Score

The performance of a polygenic risk score for breast cancer previously described by Mavaddat
et al., (2019) for European populations was assessed in the resident African GWAS dataset. Of
the 313 SNPs used for the breast cancer PRS by Mavaddat et al., (2019), only 201 SNPs were
present in the resident African dataset (genotyped and/or imputed). This PRS model

constructed from the 201 SNPs only explained ~1% of the variance observed in the resident
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African dataset. Limited discrimination was seen between cases and controls in Figure 4.15A.

The Area Under the Curve (AUC) for this model is 0.56 (Figure 4.15B).
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Figure 0.15: Polygenic Risk Score of 313 SNP model applied to African breast cancer dataset.
A. Standardisation of polygenic risk score curve of cases and controls. B. AUC of 313 SNP model applied
to the African breast cancer dataset.

| also attempted to assess the performance of another polygenic risk score model described by
Mavaddat et al., (2019) using 3,820 SNPs. This model was reported to have the best
predictability for breast cancer. Only 2,157 SNPs (of the 3,820 SNPs) were present (imputed
and/or genotyped) in the African dataset, which was used to assess this polygenic risk score
model in the African GWAS. The 3,820 SNP model also showed limited discrimination between

cases and controls (Figure 4.16A) and only explained 0.9% of the variance in the African dataset

with an AUC of 0.55 (Figure 4.16B).
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Figure 0.16: Polygenic Risk Score of 3,820 SNP model applied to African breast cancer dataset.
A. Standardisation of polygenic risk score curve of cases and controls. B. AUC of 0.55 from the 3,820 SNP
model applied to African breast cancer dataset.

| also attempted to construct PRS models using the summary statistics from the BCAC African
American GWAS and European GWAS, as described in the Methods (chapter 3.10). The African
American GWAS-derived polygenic risk score (Figure 4.17) was less predictive than the
European GWAS-derived polygenic risk score (Figure 4.18), while both performed poorly in case-
control stratification. The African American GWAS and European GWAS-derived PRS explained
0.2% and 0.4% of the variance, respectively. The AUC for the African American polygenic risk

score was 0.527, and the European polygenic risk score was slightly more predictive with an

AUC of 0.533.

These analyses illustrate that PRS for breast cancer derived from other populations have limited

application in a continental African population.

89



Standardisation of PRS by case-control

Cases

Controls

probability density
2
L

T T T

-4 -2 0 2
Z-score

kernel = epanechnikov, bandwidth = 0.2447

a4

0.50 0.75 1.00

Sensitivity

0.25

0.00

0.00 0.25 0.50 0.75 1.00
1 - Specificity

Area under ROC curve = 0.5268

Figure 0.17: Polygenic risk score from the African American BCAC summary statistics applied

to the African breast cancer dataset.

There were 12,187,877 SNPs included in the input, but only 31,479 SNPs were used in the risk
score generation. A. Standardisation of polygenic risk score curve of cases and controls. B. AUC
of 0.527 from the African American BCAC polygenic risk score was applied to the African breast

cancer dataset.
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Figure 0.18: Polygenic risk score generated from the European BCAC summary statistics

applied to the African breast cancer dataset.

There were 3,974,083 SNPs included in the input, but only 10,043 SNPs were used in the risk
score generation. A. Standardisation of polygenic risk score curve of cases and controls. B. AUC
of 0.533 from the European BCAC polygenic risk score applied to the African breast cancer

dataset.
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Chapter 5: Discussion

Genetic risk loci for breast cancer are well described for European populations in which most
GWAS have been carried out (Martin et al., 2019). However, as current literature stands, no
GWAS has been done in a resident sub-Saharan African population for breast cancer (Hayat et
al., 2021; Ezeome et al., 2022). Thus the genetic aetiology of breast cancer in resident African
populations, particularly for South African black women, is restricted largely to the role of rare
variants of high penetrance. This study reports the findings of the first breast cancer GWAS in a
resident sub-Saharan African population. The GWAS included 2,573 breast cancer cases and 744

population controls, enrolled from the Soweto area in Johannesburg, South Africa.

5.1. Study design

This study used a population control approach by sampling controls from existing genomic
resources. There are certain caveats with the use of population controls. The selection of the
controls to match the origins and ethnicity of the cases as closely as possible is important to
minimise the effects of population structure. In addition, genotyping will likely be performed in
different centres and different batches, so assessing the data for possible batch effects is also
important. The benefit of this approach is that it required substantially fewer resources to carry
out a GWAS, without the need to enrol and genotype controls. The ERICA-SA study leveraged
this approach by genotyping approximately 6,000 cancer cases for three common African
cancers, namely, breast cancer, cervical cancer and oesophageal cancer, and using participants
from the AWI-Gen study of cardiometabolic traits as population controls. This was made
possible by the fact that one of the major recruitment sites for the AWI-Gen study was Soweto
in greater Johannesburg, which is the same region where cases were recruited for the
Johannesburg Cancer Study. Also, the AWI-Gen participants were Black South Africans and were
genotyped on the same H3A GWAS array as the cases in this study. Therefore, this study was
able to leverage limited resources to maximize study power in a resource-constrained funding

environment.
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The H3Africa GWAS array that was used in this study was specifically enriched for common
variants in resident African populations. Even though LD blocks are smaller in African
populations and more tag SNPs are needed to cover the genome completely, this approach is an
improvement over using arrays designed for non-African populations. It would be useful to
focus future efforts to developing improved GWAS arrays for African studies as well as
developing sets of SNP markers that specific for different African regions due to regional

variation (Choudhury et al., 2020).

In this study, principal component analysis through Eigen-decomposition and admixture analysis
to identify and correct the complex population substructures and admixtures present between
and within the cases and controls was used. The batch effect was also assessed by iteratively
testing randomly sampled subsets of samples from each batch, both within batches and across
batches, against each other and identified sex differences in the population controls that were
enrolled from the same geographic area, Soweto, in this case. Once | was able to adequately
select the controls, as well as correct for the presence of complex population substructures, a
linear mixed model regression was used which included a kinship relatedness matrix to further
account for any cryptic relatedness within this study population. The combination of these
approaches allowed for the removal of potentially confounding issues which arose during the

conduct of this breast cancer GWAS.

Given the complexity of these populations, and the lack of GWAS data therefrom, imputation is
carried out with reference panels that are not optimal for these populations. Although
populations with Niger-Congo (East Africa) ancestry perform well and non-Niger-Congo
populations do not, the AGR reference panel objectively performs best (Sengupta et al., 2023).
While the study by Sengupta et al., (2023) was not published at the time of the analysis of this
study, it does show and confirm that the reference panel used in this study was the best from

what is currently available.
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5.2. Admixture analysis, population substructure and batch effects

The South African black populations harbour complex genetic architecture and population
substructure, particularly in Soweto (Choudhury et al., 2020; Sengupta et al., 2021). In the last
century in South Africa, substantial migrations of major ethnolinguistic groups have increased
the degree of admixture in different population groups (Sengupta et al., 2021). We took three
steps to first identify the complexity and thereafter correct for the presence of complex

population substructures within this study population.

5.2.1. Removal of male controls from the analysis

Male controls have been included in GWAS when analysing female-only diseases since they can
be regarded as un-phenotyped controls and provide additional data and power to determine
the frequency of variants in the population being studied. However, as described in chapter 4,
the inclusion of male controls from the Soweto AWI-Gen study in this breast cancer GWAS

produced some highly significant associations of isolated SNPs with breast cancer.

Further analysis led to the discovery of general inflation of p-values when comparing male and
female controls from Soweto (Figure 4.3). It is possible that these sex differences may be
attributed, at least in part, to economic-driven migration patterns over the past 100 years in
South Africa. During the gold mining era, black men migrated to Johannesburg from all over
South Africa to find employment (Pirie and da Silva., 1986; May et al., 2013). Populations within
South Africa harbour a large degree of genetic diversity due to admixture with the San and Khoe
populations, and further migration of men to Soweto from other regions of South Africa added
to the already complex genetic architecture of the residents of Soweto (Sliwa et al., 2008; May
et al., 2013). Neither admixture analysis nor PCs detected major differences between the males
and females because they are in general genetically similar. It seems probable that a relatively
small number of SNPs varied in frequency between males and females because of different
degrees of admixture such as Khoe-San admixture from male migrations, and these resulted in

false positive signals in the association analysis.
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Since the use of admixture analysis and principal components steps did not adequately correct
for these differences, the male controls were removed from the dataset entirely, leaving only

female population controls in the analysis.

5.2.2. Removal of the JCS female controls from the analysis

After removing males from the study, the association analysis was remodelled but multiple
isolated SNPs showing association with breast cancer at genome-wide significance were still
observed. This suggested the presence of additional factors that were causing genomic inflation.
We carried out iterative testing of randomly selected samples both across and within genotype
batches. We also tested female controls between the AWI-Gen and the JCS batches. We found
that one batch of the JCS female controls performed substantially differently from the
remaining nine genotyping batches (Figure 4.4). This JCS batch had a log fold higher
fluorescence intensity, resulting in the genotypes for this batch being incorrectly called when
using the predefined cluster positions described by the Illlumina genotype cluster file. The
genotypes were called incorrectly because the cluster file used to call the JCS genotypes was not
generated from the JCS data, and appeared to show genetic differences between cases and
controls. The cause of the different fluorescent intensities in this batch is unclear, but batch

effects can arise through different batches of SNP chips and reagents (Luo et al., 2010).

As a matter of interest and thoroughness, these differences were confirmed by comparing the
cervical cancer association analysis data to the breast cancer association analysis data. The
cervical cancer GWAS used the same set of female controls as the breast cancer data. A
substantial overlap was observed of top hits across both GWAS, which is not plausible based on
the GWAS of these cancers in other populations and differences in their biology and

epidemiology.
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Therefore, the JCS control samples were removed from the analysis and remodelled the
association analysis. This resulted in a more credible association result as discussed in section
5.4 below and justified the substantial loss of power resulting from the removal of the male and
JCS female controls. A post-hoc power analysis using Quanto (Gauderman, 2002) showed that
the study was 34% and 52% powered to detect the top hits on chromosomes 2 and 16,

respectively.

5.2.3. Removing individuals with East Asian and European ancestry

As described in chapter 4 (4.2.4), admixture analysis of the remaining cases and controls
showed that a small but significant minority of individuals had >5% East Asian or European
ancestry. We removed 205 participants (5.8%), leaving a final dataset consisting of 2,573 breast

cancer female cases from the JCS and 744 female population controls from the AWI-Gen study.

As an extra measure of quality control post-GWAS, the top SNPs were evaluated after the
association analysis and assessed cluster plots of genotyped SNPs to confirm that three distinct
genotype clusters were present. If an SNP was imputed, | assessed the genotype cluster plot of
the closest genotyped SNP or the genotyped SNP in LD with the imputed SNP. During this
process, a lone SNP on chromosome 20 was identified with poorly formed clusters on the
genotype cluster plot (Figure 4.12), which also did not have support from surrounding SNPs.

This SNP was therefore removed from this analyses and classified as a genotyping artefact.

5.3. Heritability of African breast cancer

Heritability is the proportion of variation that can be explained by genetic factors. SNP-based
heritability (h%) measures the proportion of a phenotype that is explained by only the additive
effects of a set of SNPs, be they genotyped, imputed or sequenced (Yang et al., 2017; Zhu and
Zhou, 2020). Broad-sense heritability (H?), on the other hand, is the proportion of phenotypic

variance explained by total genetic variance (Visscher et al., 2008). Although h?g has usually
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been more appropriate for continuous traits, h?; can adequately be reported for binary traits on

a liability scale, particularly by tools like LDAK (Speed et al., 2017; Barry et al., 2023).

In this study, the genomic relatedness matrix (GRM) restricted maximum likelihood (GREML)
approach was implemented (Yang et al., 2010) in tools such as GCTA and LDAK (Yang et al.,
2011; Speed et al., 2020) to estimate h?,. The GREML approach works best for linear traits but it
can be adapted for binary traits, provided certain conditions have been met. To estimate h?; for
a linear trait, instead of taking only SNPs that reach a certain significance level, all SNPs, called
predictors, are taken into account. Individuals are excluded based on relatedness described by
the GRM and SNPs are excluded based on linkage-disequilibrium. Thereafter, a linear model is
fitted to the linear phenotype data. The variance explained by the SNPs is then estimated (Yang
etal., 2010).

While the GREML approach works well for linear traits, a method was required that would
estimate h% in a case-control dataset. In case-control studies, cases could be overrepresented
which would inflate the h?%; value due to ascertainment bias. We therefore subsetted the cases
to equal the number of controls in the h%; calculation. The h?% for binary traits is reported on the
liability scale (Yang et al., 2017). This model assumes that there exists a normal liability to
disease, but those who are affected have liabilities above the threshold, thereby essentially
accounting for the inflationary effects that oversampling of cases would have on the h?
estimation. SNPs in partial or complete linkage-disequilibrium could carry different weights or
contribute different heritability to the phenotype when compared to LD-independent SNPs,
thus weighting of the SNPs or predictors is required to obtain a more accurate h?,. The h?; was
calculated using the GREML model implemented in LDAK and scaled the estimate onto a liability
scale using the breast cancer incidence in South Africa from Globocan 2020 (Sung et al., 2021)
as a proxy for disease prevalence. This GREML implementation in LDAK takes into account the
minor allele frequency and the LD of SNPs for the weight calculation to select a suitable set of

SNPs for the GRM construction and h? estimation (Speed et al., 2020).
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The estimated SNP-based heritability for breast cancer in this dataset was 36% (SD=13%). The
number of predictors or SNPs used for the construction of the GRM may impact the percentage
of variance explained. The greater the number of SNPs, the greater the percentage of variance
explained. Therefore, h%; comparisons across studies are not as straightforward. A Nordic twin
study reported a heritability estimate of 31% for breast cancer (Moller et al., 2016), although,
the heritability reported here is H? and is usually higher than the reported h2,. However,
estimates of SNP-based heritability for breast cancer are much lower in other studies. Sampson
et al., (2015), using a large GWAS dataset of multiple cancers from the US National Cancer
Institute, estimated h?; for ER-negative breast cancer as 0.096 or 9.6%. Similarly, Jiang et al.,
(2019) used a large GWAS dataset from populations of European ancestry to estimate h?; for
breast cancer as 0.13 or 13%. While heritability may vary among different populations, the
initial estimate requires confirmation in a much larger sample size and other African

populations.

5.4. Two loci associated with African breast cancer

This breast cancer GWAS identified three signals from two loci that were significantly associated
at genome-wide significance (p-value<5x10°8) with breast cancer risk in a South African black
population, including two SNPs on chromosome 2 (rs77422433 and rs112410019) and one SNP
on chromosome 16 (rs3859109). These three variants also passed 700 million adaptive
permutation tests. None of these variants has been previously reported to be associated with
the risk of breast cancer. There were an additional 63 SNPs (Table 4.2) from 47 independent loci

associated with breast cancer risk with suggestive significant p-values (p-value<5x107°¢).

The top hit, SNP rs77422433 located on chromosome 2q35, lies within the XRCC5 gene. This
gene encodes the 80kDa subunit of ATP-Dependent DNA Helicase Il (KU80), which has a key role
in maintaining the stability of chromosomes, by repairing double-strand DNA breaks by non-

homologous end-joining (Thacker and Zdzienicka, 2004).
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The two statistically significant variants associated with breast cancer have very low frequencies
in non-African populations (allele frequency<0.000), and therefore they could be African-
specific risk alleles. The ORs for the two top variants (rs77422433 OR(95%Cl)=0.46(0.40-0.52),
rs112410019 OR(95%Cl)=0.47(0.41-0.53) are below one for the effect allele indicating a
protective effect against breast cancer. The SNP (rs77422433) is monomorphic in European
populations, but has a frequency of about 5% even in this dataset, so it will be very interesting

to see if it replicates in future resident African breast cancer studies.

As XRCC5 is involved in DNA repair, some studies have attempted to link it to breast cancer
development. There are several reports that SNPs within or close to XRCC5 are associated with
breast cancer, although none are at genome-wide significance. The SNP rs828907, located 2kb
upstream of XRCC5, was first identified in a study of 1,272 cases and controls in Taiwan as
associated with breast cancer with a p-value of 5.05x10°% (Wang et al., 2009). A meta-analysis
(Zhou et al., 2012) which evaluated seven case-control studies found only the same SNP,
rs828907, showing association with an increased risk of breast cancer (p-value<1x10%,
OR(95%Cl)=1.59(1.34-1.89)). An East Asian study found another SNP in XRCC5, rs16855458, that
was associated with an increased risk of breast cancer with p-value=0.003 (Yu et al., 2021) in
1,039 cases and 1,040 controls in China. In a study of 172 European women with breast cancer
and 106 controls, another SNP in XRCC5, rs3835 (OR(95%Cl)=1.32(0.29-5.96) was also found to
be associated with an increased risk of breast cancer, albeit with non-significant statistical
support (Willems et al., 2008). Taken together, these and the findings suggest that further

investigation of the potential role of this gene in breast cancer is warranted.

The second lead SNP, rs3859109, is on chromosome 16 and is located in the CES5A gene. This
gene encodes a member of the carboxylesterase family, which is involved in the detoxification
and tolerance of xenobiotics and insecticides (Uno et al., 2014). An SNP in this gene, rs3859104,
has been associated with toxicity in Platinum-based chemotherapy in lung cancer patients (Cui
et al., 2017). However, this gene has no previous reports of association with cancer risk. The
Reactome database does not have any information on the pathway of this gene in humans. The
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effect allele at this SNP has an OR of less than 1, suggesting that this allele has a protective

effect against breast cancer.

5.5. Suggestive significant hits

An additional 63 SNPs had a suggestive significant association with breast cancer (p-value<5x10
06). Some of these SNPs have a MAF<5% and are associated with relatively large effect sizes and
a reduced risk of breast cancer. This phenomenon has been reported in, for example, a study of
multiple traits in African populations which led to the discovery of relatively rare variants
(MAF<5%) with ORs as high as 1.3 (Gurdasani et al., 2019). None of the associated variants in
our study is predicted to be pathogenic and most are non-coding, but they may affect gene
function if they are located in regulatory regions of genes that promote tumorigenesis and
affect functional elements (Khurana et al., 2016; Wells et al., 2019) . A significantly larger
dataset from African populations would be needed to detect association of rare alleles with

smaller effect sizes.

Additional SNPs that did not reach genome-wide significance, but were in strong LD with the
lead SNPs on chromosome 2 occurred in MREG (rs145253178, p-value=1.29x107,
OR(95%Cl)=0.50(0.44-0.57)) and PECR (rs145526842, p-value=2.94x10?7), OR(95%Cl)=0.48(0.42-
0.55)). MREG is a gene with limited functional information, but it appears that it is involved in
lysosome and phagosome activation and clearing, respectively (Damek-Poprawa et al., 2009).
While it has no connection to breast cancer, loss of gene function has been reported to drive
the development of thyroid cancer (Meng et al., 2017). According to Reactome (reactome.org),
PECR is involved in the catalysis of NADPH. A recent study has found that excess NADPH can
drive proliferation in cancer cells (Rather et al., 2021). Although MREG and PECR do not have a
strong link to breast cancer, some downstream processes could support a weak association with

cancer risk in general.
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There are other loci of potential interest, with p-values<10® and which are supported by
additional SNPs in the region. A larger dataset of SSA ancestry may serve to strengthen some of
these signals. In particular, SNPs on chromosomes 12, 18 and 10 show promise. The SNP with a
suggestive p-value on chromosome 12, rs116065203 (p-value=1.56x10°7 OR(95%Cl)=0.30(0.19-
0.40) lies between two genes, DPPA3 and CLEC4C. Despite having no connection to breast
cancer, the gene DPPA3 has been associated with germ cell tumours (Bowles et al., 2003; Killian
et al., 2016). The gene CLECAC translates to a cell surface protein that is usually expressed on
plasmacytoid dendritic cells (Dzionek et al., 2001), and CLEC4C expression is used as a
therapeutic target in liver cancer (Zhang et al., 2021). Another locus of interest is on
chromosome 18; the SNP rs865967246 (p-value=4.26x10°7, OR(95%Cl)= 0.36(0.27-0.45)) is
intergenic, located close to RNF152. Mutations in RNF152 are not known to be associated with
breast cancer, but some tumour studies link somatic mutations and altered expression of
RNF152 to colon cancer (Xinhua et al., 2021) and colorectal cancer (Cui et al., 2018). Finally, an
intergenic SNP on chromosome 10 (rs188272214, p-value=7.52x10"°7, OR(95%Cl)= 0.43(0.36-
0.51)) is located between an uncharacterized locus, LOC101928272, and long non-protein
coding RNA, LINC02663. This locus has not been reported to be associated with breast cancer,

or any other cancer.

5.6. Functional analysis

We submitted all SNPs with p-value<1x10°>to the FUMA tool for eQTL analysis. eQTL mapping
allows the identification of SNPs that affect gene expression. A non-coding variant associated
with a disease could seemingly have no functional effect, but could be associated with altered
expression of a gene which in turn could have a functional effect. Through this analysis, eQTLs
that are as far as 1 Mb away from a gene can be identified to affect the phenotype. In addition,
it can identify SNPs and loci distinctly different to those identified previously through GWAS
(Gao et al., 2023). The genes closest to the genome-wide significant SNPs, XRCC5 and CES5A, are
expressed in breast tissue. However, none of the top SNPs was associated with known eQTLs.
This was not unexpected for the XRCC5 SNPs since they are very rare or absent in the non-

African population and are therefore absent from eQTL databases. This underlines an important
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problem for bioinformatic analysis of African-specific SNPs. A new initiative is needed for
genotyping and expression analysis of cell and tissue samples from African populations to

address this issue.

While most of the variants in the GWAS were intronic or intergenic, eQTL analysis in FUMA
revealed strong eQTLs in breast tissue for several genes, including BTN3A2, MALT1 and ZNF322.
The expression of BTN3A2 was reported to be a prognostic marker for triple-negative breast
cancer (Cai et al., 2020), and showed a modest association with breast cancer in this GWAS (p-
value=5.82x10"). MALT1 promotes metastatic behaviour in breast cancer cells and an epithelial-
to-mesenchymal transition program that is characteristic of triple-negative breast cancer
(McAuley et al., 2019; Lee et al., 2022). An SNP on chromosome 6 (rs932626), which showed a
suggestive association with breast cancer in this GWAS (p-value=1.84x10°) is a very strong eQTL
for the ZNF322 gene. This gene is a transcription factor, and although it has no association with
breast cancer, it promotes gastric cancer cell proliferation (Hu et al., 2018) and tumourigenesis

in lung cancer (Liao et al., 2017; Cheung et al., 2020).

The SNPs of interest were also analysed in SNPnexus for functional annotation, and this
revealed that none of the genome-wide significant or suggestive significant SNPs had predicted
deleterious effects or was previously associated with breast cancer. A missense SNP in the
CEBPZ gene is possibly damaging and showed a modest association with breast cancer in this
GWAS (p-value=2.14x10"*). This gene encodes a transcription factor and is amplified and

overexpressed in oesophageal squamous cell carcinoma (Huang et al., 2020).

5.7. Replication in the African breast cancer GWAS

A two-way replication test was done in which | assessed whether known breast cancer risk loci
identified in the BCAC European and African American studies were replicated in this GWAS. In
addition, the top hits from this African breast cancer study were investigated in the BCAC

European and African American summary statistics to test for replication in other populations.
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No SNPs with p-value<5x10® in the African American BCAC GWAS dataset replicated in this
African breast cancer GWAS at p-value<0.01. When assessing the European GWAS loci from
BCAC in the African breast cancer data, there was modest replication of two loci on
chromosome 10 (rs719338) and chromosome 3 (rs2322830), at p-value<0.005. The variant on
chromosome 10 falls within the ZMIZ1 gene, which is a locus that has been associated with
breast cancer previously (Turnbull et al., 2010). The gene regulates the activity of transcription
factors, including p53 (Lee et al., 2007), and may be a therapeutic target (Godicelj et al., 2019).
The second replicated variant on chromosome 3 falls within the ITPR1 gene and has several links
to breast cancer particularly in autophagy of cells (Soghoian et al., 2005; Gu et al., 2016; Han et
al., 2020; Parys et al., 2021). It may also be a possible drug target for breast cancer therapy (Han
et al., 2022). The effect sizes for these two SNPs are relatively small in the European BCAC data,

so it is possible that these SNPs may show a stronger association in a larger-sized African GWAS.

While some hits from the European BCAC GWAS were replicated in this study, none of the hits
from the African breast cancer GWAS was replicated in the European BCAC GWAS. This is not
surprising in that the majority of the top hits had relatively low frequencies in this resident
African population and were extremely rare or absent in Europeans. However, there were a
number of relatively common SNPs with a suggestive association in the African dataset that did
not show an association in the very large, well-powered BCAC dataset. This could be explained
by them being chance findings, or that they have much smaller effect sizes in European
populations and the absence of relevant gene x environmental interactions. There was,
however, modest replication for one African breast cancer GWAS hit in the African American

BCAC GWAS on chromosome 3. This SNP is extremely rare or absent in non-African populations.

In summary, there are several reasons for the very limited extent of replication that was
observed in these studies. An important limitation was the modest sample sizes of both the
African and the BCAC African American studies in the context of their ability to detect the small

effect sizes characteristic of common risk variants in European breast cancer. There is no
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obvious reason to expect that effect sizes in African populations will be larger, so a major
expansion of sample sizes in African studies is needed to detect both replication and novel
associations. Other contributing factors include differences in allele frequencies in different
populations, and also the lower degree of linkage disequilibrium in African genomes which will

result in SNPs tagging the causal variants less effectively in African studies.

5.8. Meta-analysis

A meta-analysis combines data from different studies to increase the power to detect
associations with a particular phenotype (Michailidou, 2018). The meta-analysis of the African
and BCAC African American GWAS datasets included a total of 3,689 cases and 1,676 controls
but did not find any association signals at genome-wide significance. However, three SNPs
located on chromosomes 3, 15 and 18 reached p-values of <1x10®. The top SNP in the meta-
analysis lies on chromosome 3: rs139299680, p-valuemeta=7.25x10"°8 The SNP is intergenic and is
located 4.9kb upstream of the closest gene, RASA2. This encodes a RAS p21 protein activator
and its functions include control of cellular proliferation. There is one published study that
found an SNP (rs16851483) in RASA2 associated with increased breast cancer risk in 818 cases
and 935 controls in China (Zhu et al., 2017). RASA2 has been identified as a target to treat
cancer, as a study has found that cells deficient in RASA2 improve a cell’s sensitivity to antigens,
and as a result, cell death (Carnevale et al., 2022). This SNP is not supported by surrounding

SNPs, as seen on the regional plot (Figure 4.14), but is located at a recombination hotspot.

The second top SNP in the meta-analysis is rs6566983, p-valuemeta=4.98x10%7 and it lies in
chromosome 18 within the intronic region of the ALPK2 gene. Loss of function of this gene has
been shown to prevent cancer progression in ovarian and renal cancer (Jiang et al., 2020; Zhu et
al., 2020). The third SNP from the meta-analysis is on chromosome 15. The SNP rs4775326 had
p-valuemeta=9.84x10% and is found in or near RORA. This gene is a member of the NR1 subfamily
of nuclear hormone receptors. Mutations in RORA are implicated in at least two studies about

the disruption of the circadian rhythm and the development of breast cancer (Truong et al.,
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2014; Mocellin et al., 2018). Furthermore, a small Iranian study with 122 breast cancer cases

and 200 controls found two variants, rs11639084 and rs4774388, associated with breast cancer.

Although a meta-analysis may increase the power by combining studies, the sample sizes of
both the African American GWAS dataset and the African breast cancer GWAS dataset were
relatively small, and therefore not well-powered to detect risk loci with small effects. In
addition, African Americans are largely descended from West African populations (Tishkoff et
al., 2009), and genetic differences between West African populations and South African
populations are substantial, therefore some common risk variants may not be shared between
the two populations (Kamiza et al., 2022). This further supports the argument for a large

expansion in the sample sizes of these two groups.

5.9. Polygenic Risk Scores

Several described PRS developed for breast cancers in European populations were tested in the
resident African population data from this study, with discrimination between cases and
controls measured with Receiver Operating Characteristic Curves (ROC). An area under the
curve (AUC) ranges from 0.5 to 1, with an AUC of 0.5 indicating that the PRS does not provide
any discrimination between cases and controls (Hanley and McNeil, 1982; Song et al., 2019).
The AUC values in the PRSs applied to the African GWAS from this study ranged from 0.527 —
0.56, depending on which data sets were used for the test. Thus all the polygenic risk score
models tested demonstrated poor transferability to the African breast cancer dataset and very
low predictive accuracy for breast cancer, whether derived from small or large numbers of
SNPs. This is likely because the polygenic risk scores were generated in non-African or a small
African American dataset, and further supports the evidence that risk scores generated in non-
African populations are not predictive in resident African populations because of the vast
diversity present or the presence of different genetic aetiologies (Martin et al., 2017, 2019;
Duncan et al., 2019a). We could not access any resident African population genotype datasets

to develop and validate an African-specific PRS score. While including African American data in
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PRS training sets may improve risk prediction in resident African populations, it does not

encompass all the variation present in sub-Saharan Africa.

A recent study of genetic risk scores (GRS) for lipid traits found that prediction of GRS derived
from African American data varied greatly within sub-Saharan Africa between South African
Zulu and Ugandan cohorts (Kamiza et al., 2022). Although a study by (Chikowore et al., (2022)
found that an African American PRS enhanced prediction of type 2 diabetes in continental
Africans, this may be related to the very large sample size in the study and that the performance
of PRSs can differ substantially across different disease phenotypes. It is important to not make
the generalisation that PRSs derived from an African American population will transfer well to
all resident African populations and different phenotypes. Several studies show that PRSs need
to be generated using SNPs from diverse or resident African populations are predictive in non-
European populations (Martin et al., 2019; Cavazos and Witte, 2021; Ruan et al., 2022; Adam et
al., 2023).

In order to develop risk scores that will be appropriate for populations in sub-Saharan Africa,
more GWAS need to be carried out with larger sample sizes in the different areas of sub-
Saharan Africa. Larger sample sizes will allow appropriate-sized training sets to apply to test in
relevant populations. Including more participants from all regions in sub-Saharan Africa will
encompass the vast genomic diversity in sub-Saharan Africa and will result in the generation of
more predictive PRS, as including diverse populations in polygenic risk score generation can
improve the transferability of risk loci and PRSs across different populations (Cavazos and Witte,

2021).

6. Conclusion

This study used a GWAS to identify two loci significantly associated with the risk of breast

cancer in a South African black population. The variants on chromosome 2 are located in the
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XRCC5 gene and are likely to be African-specific breast cancer risk variants because they have
extremely low frequencies in non-African populations. Preliminary evidence for the association
of SNPs in XRCC5 has been published in two previous reports, but this study places this finding
on a much firmer footing, and the African variants have not been previously associated with
breast cancer in African populations. The finding of the association of multiple SNPs in the
CES5A gene appears to be novel, but both the genome-wide significant findings need to be
replicated in additional case/control samples from South Africa and elsewhere. The other
limitation of this study was the relatively small sample size, and thus modest power to detect
risk variants with small effects. The small sample size was exacerbated by the need to remove
subsets of controls, but this was done to retain the integrity and quality of the results of the
GWAS. Finally, breast cancer hormone receptor status was not available from these historical
breast cancer cases and could therefore not be included in the analysis. It is acknowledged that
including this information can be insightful and reveal receptor specific variants, as is seen in
studies by Huo et al., (2016) and Milne et al., (2017). Strengths of this study were the use of the
H3A GWAS array, designed by African scientists for genetic studies in African populations, and

the recruitment of black South African cases and controls from the same city in South Africa.

Doing a GWAS in an African population was even more challenging than | had anticipated. South
African black populations in Soweto, specifically, harbour great genetic variation, with the
admixture of multiple ethnolinguistic groups. Not only did this genetic diversity have to be
accounted for, but we also encountered the challenges associated with the effect of historical
immigration within South Africa which appears to be reflected in the genetic differences
between males and females in Soweto. An improvement for the design of future studies would
be to have all the samples from both cases and controls genotyped in one place, however this is
not possible when data from different studies are combined. This would reduce the risk of
technical variations occurring between different centres. Further improvements could also be
made in the imputation process going forward. Even though imputation servers have African
reference populations available, they do not include enough individuals in those reference
populations, and the individuals are not sampled from enough sites across sub-Saharan Africa.

While the H3A array was used in this study due to its incorporation of a large number of African
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specific SNPs, it is not sufficient in capturing the vast genomic diversity across all of sub-Saharan
Africa. Studies such as ours would also benefit from the design of more population-specific
genotyping arrays at an affordable price which reflected the diversity present in the different

populations of Africa.

The science of polygenic risk scores is advancing rapidly, with the prospect of introducing
analysis of common risk variants for breast cancer and other disorders into population screening
programs. This study has added to the emerging data that polygenic risk scores generated in
non-African populations do not offer effective predictability of disease risk if applied to an
African population. This highlights the need to generate sufficient genome-wide genetic data in
the populations of sub-Saharan Africa to enable the design of useful PRS in multiple different

African populations.

This is the first breast cancer GWAS to be conducted in a resident black African population and
has laid the groundwork for more promising work to come. Future work in populations of
African ancestry includes the Breast Cancer Genetic Study in African-Ancestry Populations which
includes investigators from the African-American Breast Cancer Consortium, the African-
American Breast Cancer Epidemiology and Risk (AMBER) Consortium, and the NCI Cohort
Consortium. In addition, our research group has joined the very large global project on the
genetics of breast cancer called Confluence, which aims to do a GWAS on 300,000 breast cancer
cases and controls from different ethnicities to identify risk factors in diverse populations

(https://dceg.cancer.gov/research/cancer-types/breast-cancer/confluence-project). This study

has the potential to uncover breast cancer risk variants in understudied populations around the
world. As larger studies in Africa will be carried out, the potential to discover novel risk variants
with smaller effect sizes will increase. Also, fine-mapping of risk loci that are common between
African and non-African populations might be possible. | look forward with excitement to seeing

the genomic work in breast cancer that will come from African scientists in the future.
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Appendices

7. Appendix A: JCS questionnaire
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Study number:

Cancer Epidemiology Research Group Case-Control Study
Antiretroviral Drug Usage
Please ask ALL PATIENTS the foflowing guestions AFTER you have completed the standard

guestipnnaine, Make sure that you emphasize that the information is voluntary and
confidential,

Have you ever been tested for HIV (before current test)? Yes; Nog  (circe ona)

If YES, proceed: Were you tested: before this illness, [ at time of current illness only,
(circle one)

Were you given the test results? Yes; MNog (circle one)

If YES, proceead: Are you willing to disclose your status?  Yes; Nog (cdrcle one)

If YES, proceed: Are you HIV: positive, negative; (circe one)
Date of last/current test (mm/yyyy): Y

If POSITIVE, proceed:
Have you ever taken anti-Retroviral medicines for your HIV infection?  Yes; Mog  {circle one)

(Be careful to explain to the patient that we mean "Western” medicine/pills/capsules specifically for the HIV itself,
NOT for opportunistic infections.)

If YES, Proceed:

From: (start date) To: (end date)
From: (start date) To: (end date)
From: (start date) To: (end date)

The ARV drugs were provided by (tick all that apply):
O Private practitioner, O Public hospital/clinics
O NGOD; O Study/ clinical trialy

Thank the patient for answering these extra questions even
if they only answered the first one.

VERSION: Febeuary 2015 CERG Tonicah Maphanga 011469 9150
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JOHANNESBURG HOSFITALS NHLS/ CERG CANCER EFIDEMIOLOGY STUDY

Interviewer check list
Notfe to the Infenviewer: Study no:
Thiz is a checklizt for you and a Gonzent Form for the pafient.
Fiease ask the questions in your own words.
Tick [ the boxez and fill in the blankz as you complete that tash.

My name is (name of interviewer)

| work at the Mational Health Laboratory Service and would like to ask you some gquestions.
Pleaze ashk:

1. Has the patient ever been diagnosed with a cancer prior fo this cancer? yez 0 no [ notknown [
If yes, thank the pafient for their ime but DO NOT procesd with the infenview.

2. When was the patient diagnosed with the PRESENT CANCER? [ movre than & monthz ago
[ fezz than & months ago

[ has not yet received diagnosiz.
If the pafienf was diagnosed more than 6 months ago, thank the patient but DO NOT INTERVIEW THE FATIENT.
If the patienf was diagnosed less than 6 months ago, make sure fhat:
- the pafient has NOT had any chemotherapy or radiotherapy;
- the pafient has NOT been interviewed for this sfudy before

weeee-aee Tick the box once you have done this. O

PATIENT CONSENT FORM

A: We would like you to take part in a study to find out if your exposure to substances in the envirenment, your
circumstances and habits, your cccupation, previous ilinesses, and/or inherited factors play a role in the illness you
have developed.

We have chosen a group of patients from this ward / clinic because of their current illness so that we can make
comparisons between illnesses. We are asking you to spend 20 — 30 minutes answering questions about yourself,
your family, and your work. Dia youw hawve any questions so far?

You may refuse to answer any questions if you choose. All answers will be treated confidentially. If you decline to
participate or if you decline to answer some questions this will not affect your treatment in any way.

This is a consent form. It says in writing what | have just told you. Please sign and date it here to show that
you have understood what | have told you and that you willingly agree to answer questions.

Signature Date

B: we would also like to take 3 — 4 teaspoons of bloed from you for future research inte the causes of your illness.
Mo names will be attached to the sample tubes.

The blood we take for this study will not be tested immediately; it will be frozen. There is no time limit to how long it
will be stored. It may be tested for evidence of various infections including HIV; it may be tested for substances (cells,
proteins, other body chemicals) which might make it easier for you to have become ill. It may also be tested for
inherted factors which might make it maore likely for you to have developed the illness you now hawve. These tests will
help us to understand your and other patients’ illness better and, perhaps, prevent cthers from getting it We only
need to take bloed from you once. At the current time we cannot provide details of what will be looked at, as this is not
yet kmown, but we give assurance that no research will be done without the approval of the Wits Human Research
Ethics Committes as well as the applicable Research Ethics Committees at the analysis sites.

This is a consent form. It says in writing what | have just told you. Please sign and date it here to show that
you have understood what | have told you and that you willingly agree to have your blood collected.

Signature Date

Signature of withess Diate
({in case verbal consent given)

For enguiries telephone: Tonicah Maphanga 011 480 8150
tonicah.maphanga@nhls.ac.za February 2015
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8. Appendix B: Ethics certificates

; HUMAN RESEARCH ETHICS
UNIVERSITY OF THE

WITWATERSRAND. COMMITTEE (MEDICAL)
JOHANNESBURG

Office of the Deputy Vice-Chancellor (Research & Post Graduate Affairs)

TO: Ms M Hayat, Prof M Ramsay & Dr J-T Brandenburg
School of Pathology
Department of Human Genetics
Sydney Brenner Institute for Medical Bioscience
University

E-mail mahtaab hayat@gmail.com

cc: Supervisor; Professor CG Mathew <Chris. G Mathew@wits ac za>
and <HREC-Medical. ResearchOffice@wits.ac za~
FROM: lain Burns

Human Research Ethics Committee (Medical)
Tel: 011 717 1252

E-mail: |ain Burns@wits ac za
DATE: 23/10/2018
REF: R14/49

PROTOCOL NO: M180997 (This is your ethics application study reference number. Please
quote this reference number in all correspondance relating to this study)

PROJECT TITLE: The contribution of common genelic vanants o breast
cancer risk in South African Black populations

Please find attached the Ciearance Certificate for the above project. | hope it goes well and
that an article In a recognized publication comes out of it. This will reflect well on your
nding and contribute to the Government funding of the University.

g

MEWorks20000ain0007/Clearscan wps
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UNIVERSITY OF THE WITWATERSRAND, JOHANNESBURG
Division of the Deputy Registrar (Research

HUMAN RESEARCH ETHICS COMMITTEE (MEDICAL
R14/49 Professor Michele Ramsay

CLEARANCE CERTIFICATE M121029

PROJECT WITS-INDEPTH Partmership: Genomic and

Environment Risk Factors for Cardiometabolic
Disease in Africans

INVESTIGATORS Professor Michele Ramsay.

DEPARTMENT School of Pathology/Division of Human Genetics
DATE CONSIDERED 26/10/2012

DECISION OF THE COMMITTEE* Approved unconditionally

Unless otherwise specified this ethical clearance is valid for 5 years and may be renewed upon

DATE 21/11/2012 CHAIRPERSON .....cccoccvnriunnee ‘{ Cu.......
(Professor PE Cleaton-Jones)

*Guidelines for written ‘informed consent’ attached where applicable
cc: Supervisor :

DECLARATION OF INVESTIGATOR(S)
To be completed in duplicate and ONE COPY returned to the Secretary at Room 10004, 10th Floor,
Senate House, University. ~

I/We fully understand the conditions under which | am/we are authorized to carry out the abovementioned
research and 1/we guarantee to ensure compliance with these conditions. Should any departure to be
contemplated from the research procedure as approved I/we undertake to resubmit the protocol to the

Committee. 1 agree to a completion of a yearly progress report.
PLEASE QUOTE THE PROTOCOL NUMBER IN ALL ENQUIRIES...

M‘/Bbfw\/ﬂ/‘ I Afrbz 8013
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UNIVERSITY OF THE
WITWATERSRAND
JOHANNESBURG

R14/49 Prof Michele Ramsay el &

HUMAN RESEARCH ETHICS COMMITTEE (MEDICAL)

CLEARANCE CERTIFICATE NO. M180535

NAME: Prof Michele Ramsay et al
(Principal Investigator)
DEPARTMENT: Sydney Brenner Institute for Molecular Bioscience

MRC/Wits - Agincourt Unit, DPHRU, Dikgale HDSS,
APHRC - Nairebi. CRUN - Nanoro, NHRC - Navrongo

PROJECT TITLE: AWI-Gen Phase 2. Genomic and environmental nsk
factors for cardiometabolic disease in Africans

DATE IDERED: 25/05/2018
DECISION: Approved unconditionally

CONDITIONS:
SUPERVISOR:

1
APPROVED BY: ,/ /5’ &

Professor CB Penny.

DATE OF APPROVAL: 21/06/2018
This clearance certificate is valid for 5 years from date of approval  Extension may be applied for.

DECLARATION OF INVESTIGATORS

Ta be competed in duplicale ang ONE COPY réturmed 1o the Research Dffice Secratary on the

Trird Floor, Faculty of Health Sciences. Phillip Tobias Budding, 28 Princess of Wales Terrace, Parktown,
2193, Univarsity of the Witwatersrand. bwe fully understand the conditons under which | ami/we are authorized
1o carry cul the adove-mentioned regearch and Fwe undentake to ensure compliance with these conditions
Should any departure be contemplated, from the rasearch protocol 25 approved, e underiake to

resumit the applcation to the Committee. | . The date for
annual ra-cortification will be cne vear after tha data of coanvannd manting whnen tha ahoumy waa instially

reviewed. In this case, the stedy was Inibally reviewed in May and wil therefore be due in the montn of
m_u each year. Unréparted changes to the application may invalidate the dearance grven by the

HR Medtcnll
A (MM 29 June 1018

Principal Investigator Signature | Date

PLEASE QUOTE THE PROTOCOL NUMBER IN ALL ENQUIRIES
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R14/49 Praf Christopher Mathew et al

HUMAN RESEARCH ETHICS COMMITTEE (MEDICAL)
CLEARANCE CERTIFICATE NO. M160807

NAME: Prof Christopher Mathew et al
(Principal Investigator)
DEPARTMENT: Human Genetics

Sydney Brenner Institute for Molecular Bioscience

PROJECT TITLE: Investigation of Genetic Risk Factors for African
Breast, Cervical and Oesophageal Cancer

DATE CONSIDERED: 26/08/2016

DECISION: Approved unconditionally
CONDITIONS:
SUPERVISOR:

APPROVED BY: m/ﬁa

Professor P. Cleaton-Jones, Chairpersen, HREC (Medical)

DATE OF APPROVAL: 21M10/2016

This clearance certificate is valid for & years from date of approval. Extension may be applied for.

DECLARATION OF INVESTIGATORS

To be completed in duplicate and ONE COPY relurned to the Research Office Secretary in Room
10004, 10th floor, Sanate House'2nd floor, Phillip Tobias Buliding, Parkiown, University of the Witwatersrand.
I"We fully understand the the conditions under which | am/we are authorized to carry out the above-
mentioned research and liwe underiake to ensure compliance with these conditions. Should any departure
be contamplated from the research protbcol as approved, Uwe undertake to resubmit o the Committes. |
agreée to submit a yearly progress report. The date far annual re-cerification will be one yeaar after the date
of convenad mesting whare the study was initizlly reviewed. in this case, the study was infially review in
August and will therafora be due in the month August each year.

Principal Investigator Signature Date

PLEASE QUOTE THE PROTOCOL NUMBER IN ALL ENQUIRIES
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R14/49 Dr Elvira Singh et al
HUMAN RESEARCH ETHICS COMMITTEE (MEDICAL)

CLEARANCE CERTIFICATE NO. M1606103

NAME: Dr Elvira Singh et al
inci Vi ator
DEPARTMENT: Medical Research Council
National Health Laboratory Services
University of the Witwatersrand
PROJECT TITLE: Johannesburg Cancer Study
DATE CONSIDERED: Adhoc
DECISION: Approved unconditionally
CONDITIONS: Previously Dr Lara Stein, Cancer Case-Control Study

(Previously M981118, M040445 and M090351)
SUPERVISOR:
APPROVED BY: [/%&7@:

Professor P Cleaton-Jones, Chairperson, HREC (Medical)
DATE OF APPROVAL: 09/12/2016

This clearance certificate Is valid for 5 years from date of approval. Extension may be applied for.

DECLARATION OF INVESTIGATORS

To be completed in duplicate and ONE COPY retumexd to the Research Office Secretary in Room 301,

Third flocr, Faculty of Health Sciences, Phillip Tobias Building, 28 Princess of Wales Terrace, Parktown, 2183,
University of the Witwatersrand. Wwe fully understand the conditions under which | amiwe are authcrized to
Ca'ry OUL tNe AbOYe-MEentoned neasarch and 1we undertake 1o enaurs Compiance with theas conditiona.
Should any departure be contemplated, from the nesean:h pmhocol as appmvod lMe undertake to

resubmit the application to the Committes. | ag D v P

annual re-certification will be cne year after the date of convened meemg wnere me study was initiaty
reviewed In this case, the study was initially reviewed in March and will therefore be due in the month of
March each year. Unreported changes to the application may invalidate the clearance given by the
HREC (Medical)

Prncipal Investigator Signature Date

PLEASE QUOTE THE PROTOCOL NUMBER IN ALL ENQUIRIES
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The University of Hong Kong

(REV - 20220217)

Zertifikat Certificado
Certificate

Promouvoir les plus hauts standards éthiques dans la protection des participants a la recherche biomédicale
Promoting the highest ethical standards in the protection of biomedical research participants

Certificat de formation - Training Certificate
Ce document atteste que - this document certifies that

Mahtaab Hayat

a complété avec succes - has successfully completed

Introduction to Research Ethics

du programme de formation TRREE en évaluation éthique de la recherche
of the TRREE training programme in research ethics evaluation

_Ds—=

Release Date: 2023/03/27

€D : BMKI3tge Professeur Dominique Sprumont
Coordi TR Coordi
APPROVED BY
Foederatio F P H ltrw.efmmm
Continming Edscation Programas
SIWF vt | progrmeme s formation sonsinue 2 crttioy Pharmaceutica
ISF Conamag Eiusision Prograss (2 credss) Helvetiae  Programmes de formation
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Ce programme est soutenu par - This program is supported by :
Ewopess and Developing Courcries Clincal Trials Partnerdip (EDCTP) (www.edctp.org) - Swis National Science Foundation (www saf ch) - Canadise listoues of Health - £e.cale/289 ) demd) -
Swiss Acadesy of Madical S S, - Comasssion foe Research Parmersbigs with Developtag Countries (www.kfpe.ch)
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9. Appendix C: Plagiarism declaration

UNIVERSITY OF THE GI; FACULTY OF
WITWATERSRAND (-_J HEALTH SCIENCES
IOHANNESBURG ~

PLAGIARISM DECLARATION TO BE SIGNED BY ALL HIGHER DEGREE STUDENTS
SEMATE PLAGIARISM POLICY: APPENDIX ONE

1 Mahtaab Hayat (Student number: 603401 ) am a student
2023

registered for the degree of PhD in the academic year

| hereby declare the following:

- | am aware that plagiarism (the use of someone else's work without their permission and/or
without acknowledging the original source) is wrong.

- | confirm that the work submitted for assessment for the above degree is my own unaided work
except where | have explicitly indicated otherwise.

- I have followed the required conventions in referencing the thoughts and ideas of others.

- lunderstand that the University of the Witwatersrand may take disciplinary action against me if
there is a belief that this is not my own unaided work or that | have failed to acknowledge the
source of the ideas or words in my writing.

- I have included as an appendix a report from “Turnitin® (or other approved plagiarism detaction)
software indicating the level of plagiarism in my research document.

Signature: N“’\G*‘Pk Date: 20 March 2023

)

146



10. Appendix D: Turn-It-In support letter and report

UNIVERSITY OF THE ‘& SBIMB
WITWATERSRAND, ¥g7 IRIRIVIED
JOHANNESBURG FOR MOLECULAR BIOSCHENGE

Research and Postgraduate Office

Faculty of Health Sciences

University of the Witwatersrand

Phillip V Tobias Health Sciences Building

29 Princess of Wales Terrace, Parktown

Johannesburg, South Africa, 2193

30 March 2023

RE: M HAYAT 603401: Turn-It-In report clarification for PhD Submission

Dear Colleagues,

This letter is in support of Ms M Hayat’s PhD submission. The Turn-It-In Originality
report for her thesis returned a similarity index of 30%. This is due to the inclusion of

her original published manuscript as part of the thesis submission:

1. Hayat M, Chen WC, Brandenburg JT, Babb de Villiers C, Ramsay M and
Mathew CG. (2021) Genetic Susceptibility to Breast Cancer in Sub-Saharan
African Populations. JCO Glob Oncol. 7. https://doi.org/10.1200/G0.21.00089

Please refer to the originality report attached. The top two matches, accounting for

15% of the 30% of the similarity index, are all from her original work.

Yours sincerely,

Clnto e

Professor Christopher Mathew, FMedSci

Professor in Human Genetics

Sydney Brenner Institute for Mclecular Bioscience

University of the Witwatersrand, South Africa

Email: christopher.mathew@kcl.ac.uk; chris.g. mathew@wits.ac.za

The Mount, 9 Jublles Road, Parktown | Private Bag 3, WITS, 2050, South Africa | T +27 11 717 6631/%/6 | € sbimb@wits ac.za
www.owits.ac.za'resaarch/sbimb
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MHayat_phdthesis_28032023.pdf

ORIGINALITY REPORT

30, 24, 27, 4.

SIMILARITY IMDEX INTERMET SOURCES PUBLICATIOMNS STUDEMT PAPERS
PRINARY SOURCES
www.ncbi.nlm.nih.gov 1 1
Internet Source %
Mahtaab Hayat, Wenlong Carl Chen, Jean- 4%

Tristan Brandenburg, Chantal Babb de Villiers,
Michele Ramsay, Christopher G. Mathew.
"Genetic Susceptibility to Breast Cancer in
Sub-Saharan African Populations”, JCO Global
Oncology, 2021

Publication
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www.researchgate.net
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aacrjournals.org
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Publication
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: "Handbook of Statistical Genomics"”, Wiley, 1
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Gonzalez-Neira et al. "Breast Cancer Risk
Genes — Association Analysis in More than
113,000 Women", New England Journal of
Medicine, 2021

Publication
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Reproductive Cancers", Springer Science and %
Business Media LLC, 2010
Publication
Jenna Lilyquist, Kathryn . Ruddy, Celine M. <‘| %

Vachon, Fergus J. Couch. "Common Genetic
Variation and Breast Cancer Risk—Past,
Present, and Future”, Cancer Epidemiology
Biomarkers & Prevention, 2018
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Cesar Fortes-Lima, Ezekia Mtetwa, Carina <‘| %
™ Schlebusch. "Africa, the Cradle of Human
Diversity", Brill, 2022
Publication
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Submitted to University of KwaZulu-Natal “
Student Paper }r <:"‘ %
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By Cooper Alastair Grace, Joao Luis Reis-Cunha, < 1 %

Daniel C. Jeffares. "Strong effects of parasite
genotype on drug susceptibility in the Indian
subcontinent”, Cold Spring Harbor
Laboratory, 2022

Publicaticn

152



Submitted to Karl Landsteiner < 1
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Gesundheitswissenschaften GmbH

Student Paper

Mwiza Gideon Singini, Elvira Singh, Debbie <*| %
Bradshaw, Wenlong Carl Chen et al. "HPV

types 16/18 L1 E6 and E7 proteins

seropositivity and cervical cancer risk in HIV-

positive and HIV-negative black South African

women", Infectious Agents and Cancer, 2022

Fublication

flex.flinders.edu.au < 1

Internet Source %
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glﬁﬂl‘zted to University of Hong Kong <1
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Internet Source < %
Guimin Gao, Fangyuan Zhao, Thomas U. < 1 %

Ahearn, Kathryn L. Lunetta et al. "Polygenic
Risk Scores for Prediction of Breast Cancer
Risk in Women of African Ancestry: a Cross-
Ancestry Approach”, Cold Spring Harbor
Laboratory, 2021

Fublication

Shaun Aron, Paballo Abel Chauke, Verena Ras, < 1 %
Sumir Panji, Katherine Johnston, Nicola
Mulder. "The Development of a Sustainable
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Bioinformatics Training Environment Within
the H3Africa Bioinformatics Network
(H3ABIoNet)", Frontiers in Education, 2021

Publication

Submitted to Laureate Higher Education *-’-11 %
Group
Student Paper
Submitted to University of Hertfordshire
Student Paper }r < 1 %
Wenlong Carl Chen, Robyn Kerr, Andrew May, <"| %
Babongile Ndlovu et al. "The Integrity and
Yield of Genomic DNA Isolated from Whole
Blood Following Long-Term Storage at —30°C",
Biopreservation and Biobanking, 2018
Publicaticn
www.hirsla.lsh.is
Internet Socurce < 1 %
Morris, John Allan. "The Genetic and < ‘l %
" Epigenetic Determinants of Osteoporosis”,
McGill University (Canada), 2021
Publication
o6 Julie R. Palmer, Christine B. Ambrosone, ‘:1 o

Andrew F. Olshan. "A collaborative study of
the etiology of breast cancer subtypes in
African American women: the AMBER
consortium”, Cancer Causes & Control, 2013

Publicaticn

154



Nasim Mavaddat, Kyriaki Michailidou, Joe
Dennis, Michael Lush et al. "Polygenic Risk
Scores for Prediction of Breast Cancer and
Breast Cancer Subtypes", The American
Journal of Human Genetics, 2018

Publicaticn

Palwende Romuald Boua, Jean-Tristan
Brandenburg, Ananyo Choudhury, Scott
Hazelhurst et al. "Novel and Known Gene-
Smoking Interactions With cIMT Identified as
Potential Drivers for Atherosclerosis Risk in
West-African Populations of the AWI-Gen
Study"”, Frontiers in Genetics, 2020

Publication

Brehima Diakite, Yaya Kassogue, GUImogo
Dolo, Jun Wang et al. "p.Arg72Pro
polymorphism of P53 and Breast Cancer Risk:
A meta-analysis of case-control studies”,
Research Square Platform LLC, 2019

Publication

Newcombe, Paul ., David V. Conti, and Sylvia
Richardson. "JAM: A Scalable Bayesian
Framework for Joint Analysis of Marginal SNP
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Genetic Susceptibility to Breast Cancer in
Sub-Saharan African Populations

Mahtxsh Hayat, M3c'*; Wenlong Carl Chen, MSc"*4, Jean-Tristan Brandenburg, PhD"; Chantal Babb de Villiers, PhD¥;

Miché l= Ramsxy, PhD'; and Chrigtapher G. Mathew, PhD' 2

INTRODUCTION

Breast cancer (BC) B the masl common canosr
amang African woman and is the sscond most oom-
man cause of cancer deaths in Africa as estimatad by
GLOBOCAN 2018.° Cancer incidence is increasing in
Africa’ and is associawed langely with Ifestvle changes,
resulting from increased urbanization.® Feray et af
pradicted a 49% increase in BC incidence across
Africa between 2018 and 2040, an increase faster
than any athar region in the workl. The International
Association of Cancer Registries cancer incidence
rapart includes data for only 20 of 46 sub-Saharan
African (354) countries* and it is likely that the in-
cilence of BC B under-neported owing to ek of
infrastructune  for cancer diagnosis in resounce-
constrained countries in SSA% Also, owing to the
large burden of communicable and other non-
communicable disesses in SSA, mosl resounces are
direcisd at controlling these diseases® Cancer ne-
search, especially maolecular research, in S5A s aften
depriaritized against other pressing public heaith
concarns S

The epidemiokgy of BC is complex and the causes
are multifactoral, with genetic rsk factors and the
envimonmeant plwing important roles in cancer
development ® Genetic sk factors contributing to the
development of BC include rare pathogenic varants™®
ar mary comman variants that, in combination, in-
creasa the sk of developing BC.Y Familial or he-
readitary BC & astociated with rare variants, which
significantly increase the risk of developing BC and
oocur in genes such as BRCALD, BRCAZ, PTEN,
FGFRZ2, CHEKZ, TPA3, PALBZ, ATM, and XRCCZ.
Heraditary BC acoounts for only 5%- 7% of all cases of
BC.* The contribution of rane variants with moderale
high penetrance for BC sk has been reviewed ne-
cantly by Nguyen and Thomas, ** The athercalgony is
BC that accurs in the general population without ev-
idencea of asignificant family history and results fram a
com biration of genetic and emvionmental rsk factors.
Tha genetic nek i conferred by the presence of
multiple ganetic varank such as single-nucleatide
palymorphisms (SNPs), which are nelatively com-
man in the population being studied, with allele fre-
quancies of 1% ar mara.

19780

Each wariant indhidually confers only a small increase
in risk of diseasa, but the presence of many such
varants together significantly increases the risk af
develaping BC.***2 The contribution of comman var-
iants to BC risk has been investigatsd through the wse
of genome-wide association studies (GWASs), with at
least 172 known genetic locl associated at gename-
wick significance with the risk of BC.**

A majority of studies into the malecular etiolagy of BC
hawva besn perfarmed in non-African populations, al-
though there & substantial emenging literatune on the
genetics of BC in Afrcan-American populations.'>*
Howewver, published data on resident Black African
populations from continental Africa ame much mone
limiked. This scoping review aims o summarnize ge-
netic studies on BC risk that hawve been conducied in
resident Black SSA populations and to identify po-
tential gaps in knowledge and research o pportunities.

METHODS

The research question for this review was, whal
knowledge exisls on the associabion of garmiing ge-
netic wvarianis with famikal or sporadic breast cancerin
Black populations resident in sub-Sabaran Afica? This
review follows the framewark for scoping studies
acconding to Arksey and O'Malley.*” We chose to camry
oul a scoping review ather than a sysEmatic review on
the basigaf the criteria deseribed in e study by Munn
el al.*® A scoping review & mone appropriate since
ther 5 a limited body of evidence in 554, and our
purpase was 1o soope the awailable evdence on BC
genalics in SSA and to identify gaps in kiowhedge and
limitstions in methodologic approsches.

PubMed and SCOPLUS wene used to search the liker-
ature, and only onginal reseanch aricles writken in
English were included. All studies published on or
before April 1, 2020, were included. Review aricles
ware excluded. Only studies including data from SSA
populations wena included. A com prehansive combi-
natian of keywords was used o dentify genatic studies
on paricipants resident in S5A countries (A ppendix
Tabile A1),

The salection of appropriate studies was camied out
according o the following criteria: arginal reseanch
artickes that studied inherited varants associated with

JCO" Global Oncology

155 115 om March 27, 2023 from 197.090.153.125
hittps~/ascopubs. arg en'authors

‘open-access for reuse terms.
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Bt Cancer Genelics in Sub-Sabharan Afica

CONTEXT

Key Objective

Both rare and common ganetic vanants contribiute to the risk of breagt cancer (BC). Much & known about the genaticsof BC in
populations of Eumpean angin. Qurobjectwe was to eview studies of genetic susceptibility to BC in the populations of sub-
Saharan Africa to identify knowledge gaps and propose study designs 1o address these.

Kiowled ge Generated

Atotal of 22 studies were identified in 10 of 46 countries insub-Saharan Africa. Rane variants predicted to be pathogenic wene
detected mast cammanly in the BRCAL BRCAZ and PALEZ genes. Thene wana few studies of comman genetic vanants,
nane afl which provided strong evidenc e for assaciation with BC risk.

Re levance

Knowledge of genetic factors contributing to BC risk has im portant implications for patients and their milies both for genetic
counseling and for potential acoess B new therapes, which impiovwe suivival and meduce side efects.

BC in resdent SSA populations. Scresning of titkes and

abstracts for all papers was done independently by the lead "‘P’:‘;ﬂ:“"““’;
authars {M.H. and W.C.C.}, and papers were included an N = 1,075

the basis of comsensus agreaments bebtween them. I here

was uncerainly on deciding whether a study was relevant, )

the full article was read lo make a final decision. Studies of Articles exclucedirem e and (n - 10021
South African women of Eumopean, Indian, ar mixed an- Mot a penetic study in = BES}
cesiry were excluded. If the abstract or full £ 1o a sludy L "H ORI “;;_'-ﬂ
could not be acoessed, it was excluded from this study. The Mot a BC study =14}
fallow ng mfanﬂainn_-rra-s endm::hd PMID, year of study, :;L"::mhlm [[::::
population, sample size, key findings (vanants and genes),

the predicted pathogenicity of vanants, methodaology, and a

brief summary of the study. Rane variants wene considened Articles for

of interest if predicted to be deleterous by varant effect ﬁ"“ﬁ:'g;“"“"

predictor tools andfor significantly enriched in BC cases

cormpaned with contrals.

REEILTS | Tamer DNA study  in- 1)

Using the comprehensive list of keywords B search, Mo resident 554 data in = 41

PubMed identifisd a otal of 1,029 anticles(Fig 1). Scanning

the titles and the abstracts led to exclusion of 1,002 shudies

Includad articles

as they were not BC genetic studies, did not include e o
n=

sampkes from SSA, orwere reviews, leaving 27 that met the
broad inclusion criteria. A further four studies were ex-
cluded after full4ed evaluation as they were conducted in
African-Ameancan populations, andour aim was specifically
1o review studies af BC genetics in 554 populations. One
shicly wias rermovied a5 itanly imsestigated tumor DMNA. The
search in SCOPUS did not vield any additional eligible

FIG 1. Process of selecton of papers. The sehection oriena wene
genmilne genetic s focusing on BE and camied outnanSSA
o putationgs). B, bread cancer, S5A, sub-Sanamn Afrcan.

Burkina Faso, "% Camaman,** Democratic Republic of

artic kes.

The remaining 22 papers were included and assessed in
this review. "9 OF these, 16 were rame variant studies ==
and the remaining six investigated a few common vanants
in srmall sarmple sizes =" The studies used protein trun-
calion lesls, varantspecific polymermase chain reaction
ansays, sequencing of genes, exnns, of coding regions, or
gene panel saquencing 1o identify variants. Thene were no
GWASs amang the 22 papers. The studies in this review
included populations from 10 of the 46 SSA counbhes:

XG0 Global Dncol ogy

Cumngunmm % o Bocola

Congo,® Ethiopia,® Kemya, ' Nigera #5-805088%
Rwanda =% Sanggal *=* South Africa™ and
Uganda =*

The Contribution of Rare Variants to BC Risk in 554

Among the 22 studies identified, 16 wene mre vanant
studies, which inwhed the screening of exons of genes of
interest for vanants with moderate 1o high penetrance and
low papulation frequencies. A summary of the rare varant
studies including countries of origin of participants and

1463
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sample sizes is shown in Table 1. Pobable pathogenic
varanis, which have been detectad in two or more patients,
ane listed in Tabke 2. Some of the rane vanant studies (6 aof
16) genotyped only a few s pecific vanants, which had been
ientified previously in other populations. In 14 af the 16
studies, vanants wene identified in one or mone known BC
suscaptbility genes, with sample sizes anging from 1ta 1,
136 patients with BC. The largest and most com prehensive
of these, which built on previous studies in the Nigerian
population, used the BROCA gene panal* b sequence the
exors of 25 genes for vanants in 1,136 Nigerian wormen
with BC and in 997 Nigenan fermale contrals.™ Varanls
predicted B be deletenous were detected in 16 genes,
including BRCAL BRCAZ, PALEZ and TPA3. Deletenous
vanantswere detected in 14.7 % of patients with BC and in
1.8% of controks. Carners of mutations in BRCAL and
TP52 had a significantly younger age al diagnosis than
noncarners, and BRCAI muktion camiers wem more
likely to hawe TNBC. The majority of patients for whom
tumar stage was available were stage 1| (41 8%.) or stage
IV (42 6%), but no association of tumor stage with mu-
tatian status was e ported. Four other previous studies af
BRCAL and BRCAZ in Nigenan patients with BC are
summarnzad in Tabde 1, and mutations detected ane listed
in Table 2.

A Sauth African study sequenced BRCAL, BRCAZ, and
FALBZ from several ancestral groups, which included 85
South African Black patients with BC™ and found path-
ogenic varianks in BRCAL, BRCAZ, and PALEZ in this

ethnic subset. The group of patients with riple-negative
breast cancer had a higher mutation frequency than the
groupof patients disgnosed before age S0years. Inanather
South African study, which included 16 women of Xhasa
ancastry with BC, the same deleterious variant in BRCAZ
(pllel924ArgTer) was detected in four of 16 patients and is
suggested B be afounder vanant in both Black and ibed
ancestryy populations in the Western Cape Province.™ A
study of patients with BC fram Cameroon and Uganda
sequenced 12 known or candidate BC genes in 196 cases
and 185 cantrols unselected for age al disgnosis ar family
histary™ and identified pathagenic or likely pathogenic
varants in 158% of BC cases and 16% of contrals. Their
findings included two ptients with a mutstion in AT and
single patiant with mutations in BARD], COHI, and TPA3
One of three studies in Senegal identified a duplication of
10 nuchkeotides in the BRCAD gene, ¢ 815 8244upld, in
15 index cases from families with hersditary BC* This
duplication was located on the same microsatellibe hap-
lotype in all cases, had previously been mepored in BC
cases from Franoe, Spain, and the Uniled Skies, partic-
ularyin peapde of African or His panic descent, and isthusa
founder mutation likely o beof West African origin. Whale-
exome sequencing of 13 patients with BC in Kerya®™ de-
tectked five wanants of uncerain clinical sgnificance in
BRCA 1 and BRCAZ and a pathogenic varant in BRCAZ A
study in the Democratic Republic of Congo detected a
pathogenic BRCA 1 variant in all three affected members aof
a BC family. = However, sequencing of BRCAL and BRCAZ

TABLE 1. Swmdes of Rare Variants in BC Genes in 554
Memhodology Country BC Cams Commls Vartants Detecte Reference
Wile-@ 0T Sequencing Kenya 13 4] 1 19
BRCALBRCAZ, Sanger sequencing Sanog by 90 1 &0
CHEKZ sequencing Rwanda 41 a2 0 e
BRCANBRCAZ smquencing Nigena 434 4] ] 30
Gene pans South Afsca (osa) 16 o] 1 31
A< pe i PCR Migearia 365 117 1 32
S50P and proten runcaton B Migena Fio] i} 3 n
BRCAZ exon s quencing Seneg 3 96 1 34
Gene pang sequencng Cameroon and Uganda 196 185 3 21
Sequencing of coding E@ons of genes Busking Faso ] 4] 4] ol
BROCA gene pane sequencing Nigena 1,136 a1l 106 3
Cading gene saquencing and MLPA South Afdca (Black) 85 0 & 24
BRCANBRCAZ smquencing DRC 3 4] 1 25
BRCAL squencing Senegd 1 0 1 2%
BRCAD sequencing exons 2, 5, and 11) Burkina Faso 15 4] i} 2
SNAPSHOT and sequencing Nigena E- ] 4] 12 i

Abbresiatons: BE, bfeast cancer; MLUPA, multipe s Bgaton-depsndant probs amplfication; PCR, polymerass ohaen rescofn; 554, sub-Saharan Afacan;

S50P,; single slrand confonmaton polymonpism.
*No. of patogenc varkants detectad.

1464 & 2021 By Armevican Soceety of Cinical Onoaliogy

Downloaded from
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TABLE 2. Pedcied Pahagenc Varans Deecied o Two of More Afscan Patents
BRCAI cAl+1G>=A Spice st 2 Migesa 23
BRCAD <135 154de o Lyes S50 Ter 5 Migesa e
BRCAI cl191E=A ERE 3 Migesa al
BRCAL 4 Migesia 3
BRCA] c30aT>G o Ty 10 1 Teewr 4 Migema 28
BRCAL 10 Migesda |
BRCAI cB815 8ddup  p The27 GTer 15 Senegal 20
BRCAD  cE38dun o ARG T e a Migesi i |
BRCAI 1504 1508ded o leuS02AkTer 2 Migesa al
BRCAL 3 Migesa 3
BRCAID cl623dup p S LG Ter 3 Migema A
BRCAL 4 Migema a0
BRCAI c2192 2196ded p Ly 7AlAgTer 2 Migeda A
BRCAD 23290 p-Ty77 FMedTer 4 Migesi i
BRCAI c2A580=A p-Serd5hTer 3 Migesa 23
BRCAD cX26AC=T p G100 e 2 Mg a0
BRCAL 4 Mig=ma A
BRCAL 2 Mig=ma 1
BRCAI c3637_3638del p Gul2 13AgTe 2 Migesia 3
BRCAI c4l22 4120del pSer L7 gTer 3 Migeda al
BRCAL 3 Migest 2
BRCAI cA2480dup pleuld 14PmTer 2 Migesa an
BRCAD  c84845-T n 14950 3 Cameon 21
BRCA] cA086.6T>C  Sgice sie 2 Camesnon 21
BRCA] c899C=T Spire s 2 Mig=ma A
BRCAI cS5095C=T pAglESTR 2 Migeda |
BRCAI c 5177 _5180ddd pofegl? 26lysTer 2 Mgt |
BRCA] cSaMT=5 p-Metl T75Ag 3 Migesa an
BRCAL 7 Migesa 23
BRCA2  c93&E=hA o Trpdl Ter 2 Migea i}
BRCA2 <1310 1313del o Lysd37ETer 3 Migesa al
BRCA2 4 Migesia 3
BRCAZ 1795 1800del p SerS00Ter 3 Mgt |
BRCAZ c2402 2412del pAsnB801keTer 2 Migeda al
BRCA2 3 Migesa 23
BRCAZ 2808 2811ded o Ak 8P Ter 2 Migesi i |
BRCA2 c5241 p-Ser 1748 Ter 2 Migesa 23

SA5ETA

BRCAZ cS28AT-G o Tl 762 Ter Migesi i |

BRCA2 c5771 5774del pleloldhgTer 4 Sough Afica al
| Black]

BRCAZ cBISLIT=C Spice s Migesi it}

BRCA2 cB317 8A20ded L2930 AenTer 2 Migesa al

BRCA2 cOATSC=T o P2 02 e South Afsca 24
| Bl

BARD! cl3961&=A pTwld]Ter 2 Migesa 3

ATM M 1EaE=A O [ A 2 Camemon 21

PAB2 c24850-T - Gin2 O 2 Migesia 3

RADISC c 186 187de P G2 HisTer 2 Migesda |

IGO0 Global ool gy

in patents with BC in Burkina Faso identifisd only benign
varanis in these genes™ and a screen for gemline
vananls in CHEKZ in Rwandan BC cases and controls was
negative

In summary, a bl of 36 predicted pathogenic varints
were detected in two ar mane patients with BC. These
variants, tagether with their country of origin, are listed in
Table 2. Same BRCA 1 wanants wene detected in up b 15
patients, and, 5 noted above, there ame suggestive founder
pathagenic vanants in the Senegalese and South African
populations. Cverall, pathagenic varanis were delecied in
atlast o patients inthe ATM, BARD1, BRCAL, BRCAZ,
FPALEZ, and RADSIC genes. The study by Zhang et af~in
Nigeria suggests that variants in several other genes may
also cantribute to BC sk, but the muttions wene 100 rane o
draw firm conclusions an causality.

The nurm ber of pradicted pathaganic vanants found in each
gena and the S55A country whene the studies wene con-
ducted ame summarnzed in Figure 2. The preponderance af
variarts of Nigernan origin meflects the much larger and
mone com prahaensve varant studies that have bsen con-
ducted in this population =

The Confribution of Common Varants to BC Risk in SSA

Our search did not find any GWAS of BC performed ex-
clusively in resident S5A populations. The genelic asso-
clation stidies carned oul in SSA populations  werne
candidate gene swdies, which investigated a limited
number of comman variants previously associated with BC
in ather populations. These we genolypad in elatvely
srmall numbers of BC cases and controks and tested far
association with BC and are summarized in Tabde 3. Okobia
et al® genolyped a CYPIB] polymorphism Vald32leu
(. 12940 =G) in BC cases and controks fram Southem
Migeria and found association of the helemeygous ValLeu
genotype with BC {odds atio [OR] = 1.59; 95% CI, 1.01to
252, The sama group genalyped the ¢ BEBA=G single-
nuckeatide polymarphism (SNP; GIn2Z3Arg) in the leptin
receptor gene (LEPR) and repored a suggestive associa-
tionafthe 223Arg allebe with disease sk in premenopsa usal
wormen (OR =1.895%Cl, 1.0t 3.2, P= 07).* Astudyal
the glutathione S-transferase null vanants in the GSTMI
and GETT1 penes in cases and contralks fram Burkina Faso
found no association of the GSTMI nult vanant with BC,
whemas the GETTI null allele was associated with an in-
crease in BC risk (OR = 2.42; 95% CI, 1.17 to 502
F = 01)7 Investigation of an initiation codon vanant
(MetlAng, re2228570) in the wvitamin D receplor (VDR
gena in 392 Ethiopian BC cases and contrals reporisd an
assaciation of the Arg/Arg (GAG) genatype with an increased
riskof BC (OR = 1.44;95% Cl, 10110 2.06; P=.04) ¥ A
lack of association of a functional SNP in the GPX1 gene
(pProl98Leu) and the TPS3 functoral SNP (p Pro72Arg)
with BC was reparted in the Rwandese population, - but
the sample sizes wera very small,

1465
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DISCUSSI0ON

Our initial PubMed and SCOPUS search wielded 1,009
articles from which 22 wene selected for this review. These
studies investigaled the association of gemmline varnanis
with BC in resident S5A populations. A large majority af
studies focused an the delection and aralysis of are
vartants in known BC susceptibility genes in cases and, in
some studies, alsa in controks. Our search did not find any
GWAS for BC in resident African populations, but we did
find a small number of association studies of candidate
genes and comman variank in cases and controlks. Al
though the focus of our review was an sub-Saharan Africa,
we discussthe findings belowin the canles of the extensive
lierature an BC genetics in African-Amencan populafiorns,
which provide important insights relevant to continental
Africa.

The studies included inthis review either tested for specific
variants known 1o be associated with BC risk in non-African
poputations or used DNA sequencing of the coding regions
of known BC genes 1o explore the contributions of rare

TABLE 3. Assockaton Studees of Common Varans in 554 BC

germling vanants 1o the etiokegy of BC in their local pop-
ulations. These germiling variants are &me in the general
popilation but have moderate © high penetrance, and
thus, indiwduals with these variants ane al substantially
higher risk of developing BC compansd with the general
papulation.® Most of the studies focused on the key BC
predisposiion genes, BRCAD and BRCAZ which play
impartant mles in DNA repair pathways =4

The wvariants of particular interest listed in Table 2 indicate
that at least six genes, BRCAL, BRCAZ, PALEZ, ATM,
BARD1, and RADSIC, collectwely make a significant
cantributian ta BC sk in the African populations thal wene
studied. The vanants disrupt nammal protein functian eithar
by early Emiration of mRNA transiation by the intro-
duction of stop codons or by missense varianks, which may
affect key functional elementsaf the protein = However, we
nate that na funciona | assays wene performed in any of the
studies reviewed here and all patential functional effects
were predicted in slico. Them & ako the problem of var-
iants of unknown significance involving missense varants

Gene Wetha dol ogy Variant Country BE Cases Controls DRs B5% CIP Reference
LEFR FCR-RFLP PG AN Mgea 209 209 LE{(10B33 35
CYPIB1 PCR-RALP plewd TVal Nigesa 50 50 159 (100 2 55) 36
G5TT] PCR Defeton inull) Burkina Faso B0 100 2420117 o 502) ar
VOR PCR-RALP pMeth] The Emiopa 3492 193 144 (101 o 206y 35
GPxl Exon saquencing pPm iSELey Rwanda 41 £ Mat repated” k=]
Tes3 Aleie-specific PCR pPm g Rwanda 40 B Mot repoted® 40

Abtweiations: BC, heast cancar; OR, adde @i, PCR, palymerase chan reacton; REFLP, resticton fagment Bngh polmo i S5A, sub-Sanaran

Afrhzan

*H= and 95% Cls for Smngest resule.
Bho associaton with BC owmil Mo ORs reported.
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in kinewnn BC susceptiblity genes that fail curment pred ictiee
alganthmes for pathogenicity, which will be amplified by
inclusion of diverse and understudied African genomes,*®
The strategy of, for @ample, Zheng ot al,* in which genes
wiana saquaenced in lange num bers of cases and controls, i
helpful in this regard, as it demonstated a significant ex-
oess of many varants in cases vs controls, but the cost af
sequencing barge nurm bers of samples may be unafionda ble
for many Afncan researchers. The contribution of other
genes in which patentially pathogenic vananis were found
15 not et clear as the number of cases with variants in each
of these genes was very small. However, for some af these
genes, such as ATM, there i strong epidemiclogic and
malecular evidence of causality in other populations*
Anather question of inenest s whether specific patho-
genic variants ane found in mare than one Afrdcan country
or ethnic group, such as & the case for European pop-
ulations. Thene & cumently irsufficient evidence 1o esolve
this questian in Afrcan populations, bat it could be
addressed by largerscale studies, such as the Nigerian
study of Zheng et al= being camied aut in ather African
papulations.

All the genetic association studies for common vananls
which we identifiad invohed genotyping a small number of
SMPs in one or two candidate genes and in small sample
sizes. Some marginally significant associations were me-
poted, but such studies would hawe very low power 1o
detact the typically small effect sizes for individual vanants
in genatic susceplibility 1o disease in a complex i, A
further difficulty with candidate gene studies is that they da
niot previde the mears for cormction af population structure
in the samples, which s an important requiremert for
robust genetic assocation study.

Although the abowementionad studies ane limited in scope
and of low statistical power, recently, theme have been
several wel-powensd genetic studies in BC cases and
contrals of African ancestry, nol resident in Afnca. Far
example, a mela-aralysis of two GWASs and a replicatian
study in wamen af African ancestry identifisd 303621 asa
novel susceptibility locus for estrogen mece plor (ER}-neg-
ative BC.= This study involved genatyping of mane than 6,
657 BC cases and 7,713 controls on a gename-wide SNP
armray. BC risk vararts identified in other populations were
tested for assaciation in another large study of women af
African ancestry™® and at kast 12 regions werne identified,
which showed evidence of association in this population.
These findings sugsest that there & al least partial trans-
ferability of BC risk loci between different populations and
ethnicities. This phenomanon was akso obserwsd for othar
cancers such as prostate and esophageal cancers where
same but nat all risk loci wene transferable across African,
European, and Asian  populations ' These shidies
sugped that the GWAS approach may be fruitfiul far
studying the genetics of BC in resident African popula tons.

X0 Gloks] Decolagy

Ctpjngjtnlmm E i

Whale-genarme sequencing of many ethnolinguistc groups
in Africa has confimed the extaodinary degrea of ge-
nomic diversity across the African continent. A com-
e hens e anakyss of the contribution of germiline variants
to BC nsk in continental Africa will therfore requine studies
ina wide range of populations and regions. Anather im-
partant consideration s the study design, which will de-
pend on whether the aim i to identify ame vanants of
moderate 1B high penetrance in genes such as BRCA L and
BRCAZ likely associated with familial canoers, orto identify
varians with low penetrance, which collsctvely make a
lange contribution 1o BC risk in the general population.

To ierntify rane and novel gerrmling vanants of intermed iate
to high penetrance, DMA ssquencing, rather than geno-
typirg of known rsk vanants across the regions and
populations of Africa, will be required since the limited data
awailable sugpes! exensie diversity of BC sk wvariants
acnrss the Afrcan continent The study design should akso
include an equivalent set of well-matched controls, which,
together with alganthms for predicting functional effects
in silico, will help 1o identify vanants that ane likely to be
pathogenic. The sequencing stmategy will depend on
available financial and bicinformatic resources. Whole-
exome sequencing would allow intermogation of the entire
coding genome but & still relatvely costly and requines
biainfarimatic skills o call, annatate, and inberpaet vaants,
Sequencing a panel of genes known 10 be inmvolved in BC
susceptibility, such as the BROCA panel*' would reduce
codls and simplify the biolnformatic analsis bt only in-
vestigate genes aleady implicated in other populations.
The probabiity of delecting pathogenic vanants in such
geneswoulkd be increased by enriching the BC sam ples far
yournger patients and those with a family history of BC, as
these ane groups inwhich such vaniants are most likely o be
identified. Finally, a substntial sample size will be nesded
to obtain a mbust assessment of the contribution of these
rane variants o BC nsk in local populations. An exemplar
that includes these desirable features s the study by Zheng
el aF in the Migeran population. Langer sample sizes
wiolld ako allow tests af whether germiline mutations wene
associated with clinical features such as hormone receptar
stats, turmar stge, and sunival. A large study of gemline
muttions in Affncan-American wamen, for example,
showed a twofald higher incidence of pathogenic mutations
in ER-negative BC compared with ER-pesitive BC.*S De-
tectian of garmline multons in genessuch as BRCA 1 and
BRCAZ has impantant im plicatians far clinical cane such as
the risk offuther cancers inthe patient, genetic counseling
to ather family members, and potential acoess 1o new
classes of drugs such as paly (ADP-ribose) polymerase
inhibitars, which can improve survhal and reduce side
efiects in mubtion cariers, =

Regaming the detection of common rsk vanants for BC,
srall sample sipes such as these reported to date in S5A
populations do nat have the power I delect associations of
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camman variants with small effects. A shoricoming of mast
candidate gene sudies is that a limited number of vananls
ane genolyped, which do not caplure the full genetic di-
varsity of the gene and genome > Also, genotypinga small
il ber of variants doss not alkw corection for the pop-
ulation structure, which is particulary impodart in pop-
ulations with a high degree of genetic diersity and
substructune. This reguine s either a gename-wide study or at
least a penalyping aray contsining thousands of cammeon
variants 1o detect and contral far population structure, The
route o significant d scovenes of comman BEC risk varianks in
African populbtions is B camy out GWAS using SNP amays,
which ane designed to captune a substantial companent af
African genetc diversity, and by genolyping thousands af
casas and contraks to achieve the statistical power regquined
1o detect vanants with modest effect sizes. We ane curnenthy
camying out a GWAS using the H3Africa amay an mone than
2700 BC cages and 1,100 controks fram the Johannesburg
Cancer Study™=inthe Black South African popu lation as part
of the ERICA-SA study,* which aims b identify evaling sk
factars for cancer in African populations.

A majar difficully regarding the desirable study designs out-
lined above & the mesource-inkenshve natue of mokecular
cancer research such as nest-genertion sequendng and
genome-wade genalyping in berms of funding and approp-
atety skilled persannel, bath of which ane raatively scane in
Africa. Significant progress in improving our understanding aof
the genetics of BC in Afrca will requine a substintial imest-
rrean L fram govesrm mients or other sounces 1o generaie the grant
income and training programs neaded 1o achiewe this goal.
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In conclusion, althaugh same studiesan the genetics of BC
have been camiad out in populations of African angin, few
comprehensive large-scale studies have included pop-
ulations resident in S5A. This scoping review has identified
that mone extersve studies of the contribution of bath rane
and commaon vanants to BC msk are nesded in a broader
range of Afncan countries, The knowledge gap creates an
o ppotunity for African researchers o gain new insights into
the maolecular epidemialogy of BC on the African continent

Bath rare and common genelic varants contribule to the
risk af BC. A wealth of information exists an genes and
varnanis associated with BC rskin populations of European
angin, but knowkedge of the ganetics of BC suscaptibility in
SSA B limited. Our scoping review found relevant pubilshed
data from anly 10 of 46 S5A countres, and most studies
focised on detection of rare variants in known BC sue-
ceptibdlity genes such as BRCAL and BRCAZ. Few studies
looked for association of commaon vanants with BC in the
general population, and these had neither the statistical
power nor the scope to identifycomman risk vanants for BC
or o corect for population structure diferences. Mo
GWASs for BC hawe been perdormed in resident SSA
populations. Thus, them & limited information on the
cantribution of vanants © BC in most 55A countries. Maore
exensive screening of BC gene panels for high-penetance
varants & needed inS5A, and GWASs of large case-cantral
samphes are requined 1o identify commaon variants can-
tributing to BC risk in S5A populations. This knowledge gap
represents imponant and exciting opportunities for Afrcan
cancer reseanch,
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TABLE A 1. Keywords and Com binations of Keywaords Usad fo Search e Literature Lsing Pubbed

Search No. Keysnnds Fields Searched

#1 treast cancer and variant Faid: Tifie/Abairact
[ 74 treast cancer and varanks Faid: Titie/Absiract
83 breast cancer and mutaton Faid: TitedAbairact
#4 treast cancer and mutatons Faid: Titie/Absiract
#5 treast cancer and genmins Faid: TitedAbairact
#a treast cancer and hereditany Faid: TitedAbairact
a7 breast cancer and inhesiied Feid: TiteAbsiract
#3 treast cancer and genetc Feid: TitefAbsiract
A9 reast cancer and genstcs Feid: Tite/Abatact
#10 treast cancer and gemonmis Feid: TitefAbsiract
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13. Appendix G: Letter of permission to include adaptation of GWAS

workflow
9 Jubilee Road
Parktown
Johannesburg
South Africa
2193
30/07/2023

Dear Dr JT Brandenburg
RE: Request to reproduce material in a thesis

I am a PhD student at the University of the Witwatersrand and | am correcting my thesis. | would like
your permission to include in my thesis an adaptation of the diagram of the workflow you have created
on your GitHub page for the H3Africa GWAS pipeline.

I will include this letter in the appendices of my thesis.

As my co-supervisor, you have given me verbal permission. However, for the documentation of this
permission, please sign below.

Kind regards,

Mahtaab Hayat

I, DrJT Brandenburg, grant Mahtaab Hayat permission to include an adapted diagram of the H3A GWAS
pipeline workflow in her thesis.

. i)
-."l-p“""'"g[y r 31/07/2023

Dr JT Brandenburg Date
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