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Abstract 

Esophageal squamous cell carcinoma is highly prevalent in Eastern and Southern Africa, 

characterized by a high incidence and mortality. The etiology of Esophageal Squamous 

Cell Carcinoma is complex, and multiomic studies to improve our understanding of this 

deadly disease is severely lacking in this part of the world. DNA methylation is an 

epigenetic mechanism which plays an important role for gene regulation and frequently 

displays aberrant patterns in several cancers. This study aimed to identify aberrant 

methylation patterns in Black South African ESCC patients from matched tumour normal 

pairs. 

We designed an efficient workflow for the collection, storage, and processing of high 

quality ESCC specimens ensuring preservation of tissue architecture and sample quality. 

A total of 142 ESCC samples were collected. Methylome and transcriptome was 

investigated in 11 paired tumour and adjacent normal ESCC cases. Differential 

methylation analysis revealed significant alterations in CpG methylation across the 

genome. Principal component analysis effectively discriminated the tumour samples from 

adjacent normal tissues for most samples.  

The focus was on differentially methylated regions within enhancers and promoters using 

a methylation difference of ≥20% and an expression fold change difference of ≥2 (p values 

≤0.05) between tumour and normal tissue. We identified three critical gene promoters 

(CDC42EP3, TNC and KRT13) and 1 enhancer (COL6A3) that exhibited significant 

differential methylation and a significant inverse relationship with gene expression, all of 

which plays a role in the ECM. From transcriptome data, there were 241 identified 

differentially expressed genes, of which 170 were upregulated and 71 genes that were 

downregulated and whose gene promoters were and hypomethylated and 

hypermethylated respectively. The top three candidate genes exhibited an 8-9-fold 

increase in expression and had the most significant FDR (<10-9 to 10-16), and are are all 

involved in the ECM pathway: FN1, POSTN and COL6A3. Transcription data also showed 

that FN1 and POSTN were also among the top 2 differentially expressed genes across 

all genes, with COL6A3 also making up the top 3 differentially expressed genes. 
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In summary this study sheds light on the methylome and gene expression changes in 

ESCC biased towards the ECM and highlights the importance of epigenetic modifications 

and their potential role in the disease. Understanding these molecular alterations is critical 

for developing targeted therapeutic strategies for ESCC. 
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Preface 

This thesis is presented in a manuscript format following the University of the 

Witwatersrand guidelines for thesis/dissertation submissions. This PhD thesis is 

presented in the “divided-block” format, which includes five chapters and three 

manuscripts: 

 

Chapter 1: Introduction 

This chapter describes the literature on the somatic genetics of esophageal squamous 

cell cancer and the study’s aims and objectives. 

 

Chapter 2: Summary of Methods 

The methods are described entirely in each manuscript. This chapter provides an 

overview of the methodological approaches used in each manuscript. 

 

Chapter 3: Processing and Analysis of Tissue Samples from Esophageal Cancer Patients 

in an African Setting 

This is a published manuscript and the first results chapter (3). In this chapter, the 

quality and quantity of genomic DNA and RNA isolated from fresh biopsy tissue are 

described. High DNA integrity is essential for genomic studies. We established that the 

nucleic acid was of good quality and suitable for downstream processing for the planned 

genomic testing, which included methylome and expression analysis. 

 

Chapter 4: Methylome of Esophageal Squamous Cell Carcinoma in a Cohort of South 

African Patients Reveals Dysregulation of the Extracellular Matrix Pathway 

This is the second manuscript that will be submitted for publication. This chapter 

describes work in which we tested the methylation status of 3.3 million CpG sites across 

matched tumour normal specimens in South African ESCC patients, something that has 

not been investigated previously in an African ESCC cohort. Methylome data were also 

correlated with transcriptome data on the same cohort in the same manuscript. 
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Chapter 5: Investigating the Transcriptome in South African Esophageal Squamous Cell 

Carcinoma 

This is the third manuscript that will be submitted for publication. This chapter describes 

in more detail the expression profile we detected in South African ESCC patients. 

 

Chapter 6: Discussion and Conclusions 

This chapter integrates and discusses the three manuscripts described in chapters 3-5 

as well as limitations of the study and future directions and suggestions. This chapter also 

includes a conclusion of the entire project. 
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Chapter 1: Literature Review 

Cancer is the second leading cause of death worldwide and accounts for 10 million deaths 

globally each year, with the global incidence expected to rise by 28.4 million (47%) cases 

by 2040 (Sung et al., 2021). Cancer is a multifactorial disease with genetic, environmental 

and lifestyle factors contributing to the disease. From a genetic point of view, cancer can 

be classified into two groups: inherited predisposition and sporadic cancers. Inherited 

genetic mutations increase the risk of developing cancer and run in families. The most 

common inherited mutations involve highly penetrant germline mutations in the BRCA1 

and BRCA2 genes, which increase the risk of developing breast and/or ovarian cancer 

(van der Groep et al., 2006). However, 80% of cancers are sporadic with unknown causes 

(3). Initially, sporadic cancers were thought to have no germline genetic component. 

However, genome-wide association studies (GWAS) have identified several low-risk loci 

(mostly SNPs) distributed throughout the genome and associated with a modest risk of 

cancer. The combined effect of these low penetrance variants is assigned a polygenic 

risk score that can have a substantial impact on the risk of disease. The polygenic basis 

of sporadic cases explains the initial misguided belief that sporadic cancers have little or 

no germline component (Y. Lu et al., 2014). 

A mutagen is an agent that can introduce mutations and/or cause chromosome breakage 

in somatic cells and may lead to an increased cancer risk. A number of studies have 

identified mutagens that can affect DNA; they are classified into three groups: chemical, 

physical and biological mutagens. Chemical mutagens include smoking, high alcohol 

consumption, and exposure to asbestos, insecticides, herbicides and heavy metals. 

Physical mutagens refer to different types of radiation, such as X-rays, solar radiation and 

UV waves. Biological mutagens include microorganisms such as some type of viruses 

linked to cancer (Salem, 2016). 

1.1 Anatomy of the Esophagus and Esophageal Squamous Cell Carcinoma 

The adult human esophagus is a relatively straight muscular tube (18-25 cm in length) 

starting from the pharyngoesophageal junction in the neck (C5-6 vertebral level), 

extending posteriorly through the gastroesophageal junction and ending at the orifice of 
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the cardia of the stomach (T11 vertebral level) (Kuo and Urma, 2006). The wall of the 

esophagus is made up of four layers: mucosa, submucosa, muscularis propria and 

adventitia (Kuo and Urma, 2006). There are two main histological types of malignant 

esophageal tumours: esophageal squamous cell carcinoma (ESCC), which occurs mainly 

in the middle or upper part of the esophagus, and esophageal adenocarcinoma (EAC), 

which generally occurs in the lower third of the esophagus. This thesis relates to ESCC. 

ESCC develops from the native squamous epithelial cells that line the esophagus. ESCC 

might arise from inflammation, dysplasia, hyperplasia or local injury (Jain and Dhingra, 

2017). The characteristics of well-differentiated ESCC include keratinocytes 

accompanied by intercellular bridge keratin, while poorly differentiated ESCC usually 

contains in situ lesions, squamous-oriented infiltration and intraepithelial neoplasia (Jain 

and Dhingra, 2017). 

In recent decades, EAC has increased and ESCC has decreased in developed countries. 

However, ESCC is the predominant histological subtype globally, accounting for 87% of 

all esophageal cases (Arnold et al., 2014). ESCC is the seventh most common cancer 

worldwide and is one of the most common cancers in most Eastern and Southern African 

countries (Huang et al., 2021). ESCC is associated with geographically endemic regions, 

including Northern Iran, China, Japan, Central Asia, South America, African Americans 

in the US and Northern France (Islami, Pourshams, et al., 2009). In central Asia and Sub-

Saharan Africa (SSA), the incidence of OSCC is 20-fold higher than that seen in Western 

countries (Somdyala et al., 2010). Cancer of the esophagus was an uncommon disease 

in South Africa until 1930; thereafter, the number of ESCC cases increased quickly 

(Alouna et al., 2019). The most recent review of ESCC in South Africa shows that this 

disease accounts for the second highest number of cancer-related deaths in South Africa 

(SA), with squamous cell carcinoma being the most prevalent type, with an incidence of 

46.7/100,000 and 19.2/100,000 for males and females, respectively (Alouna et al., 2019). 

In the Eastern Cape, ESCC is the most common cancer among males and the second 

most common cancer among females (Bray et al., 2015). Kwazulu-Natal also has a high 

incidence of ESCC (Ferndale et al., 2019). 
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1.2 Clinical Aspect of ESCC: Diagnosis and Staging 

Esophageal squamous dysplasia is regarded as the precursor lesion of ESCC (Wang et 

al., 2005; Codipilly et al., 2018). Progressive dysplasia is the most common symptom that 

is first diagnosed and occurs in 74% of ESCC cases. This is followed by involuntary 

weight loss (57% of ESCC patients) and pain on swallowing (odynophagia) in 17% of 

ESCC patients (Daly et al., 2000). Other signs and symptoms include vomiting, nausea, 

chest pain, loss of appetite and hoarseness (Harris, Croce and Munkholm-Larsen, 2017). 

There are three stages of pathological changes during ESCC development. Alterations 

occur from normal esophagus (or low-grade intraepithelial neoplasia) to middle- or high-

grade intraepithelial neoplasia and finally to invasive carcinoma (Aaltonen et al., 2000). 

Patients with high-grade squamous dysplasia are at high risk for developing ESCC 

compared to patients with low-grade intraepithelial neoplasia (Wang et al., 2005). 

Esophagogastroduodenoscopy (EGD) is the standard method for diagnosing ESCC 

(Sano et al., 2017). After ESCC diagnosis, staging is critical for ESCC outcome. ESCC is 

based on the tumour-node-metastasis (TNM) subclassifications curated by the American 

Joint Committee on Cancer (AJCC). The TNM system is based on the depth of invasion 

of the primary tumour (T0-4), lymph node involvement (N0-3) and extent of metastatic 

disease (M0-1)(Rice et al., 2017). 

A number of risk factors have been associated with ESCC, including poor nutrition, 

tobacco smoking, alcohol consumption, smoke inhalation from cooking and heating fires, 

unhygienic water sources, consumption of maize using different cooking methods and the 

presence of an oncovirus such as herpesvirus, Epstein Barr virus and/or human 

papillomavirus (Liu et al., 2016). In China, Iran and South Africa, smoking and alcohol 

consumption are thought to contribute to ESCC (Islami, Pourshams, et al., 2009); (Gao 

et al., 1994) and (Segal et al., 1988), although this is insufficient to explain the high 

incidence of the disease. Additional risk factors for ESCC have been proposed in Africa 

and China, including exposure to fumonisin, a Fusarium fungi toxin that grows on maize 

(Marasas et al., 1988) (Sun et al., 2007), and self-induced vomiting, a cultural practice 

among some South African black populations on the eastern coast of the country (Matsha 
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et al., 2006). More information about risk factors and their degree of impact in ESCC 

patients is presented in Table 1.1. 

 

Table 1- 1: Risk Factors associated with ESCC 

Risk factor Risk of ESCC 

Smoking Higher (Niu et al., 2021) 

Alcohol consumption Higher (Niu et al., 2021) 

Drinking water obtained from contaminated source Higher (Niu et al., 2021) 

Hot tea consumption Medium (Niu et al., 2021) 

Salty Diet Higher (Niu et al., 2021) 

Diet including poultry meat, fruits, milk, acid suppressants, 

vitamins, antibiotics and purified water 

Lower (Niu et al., 2021) 

Physical exercise and/or housework Lower (Niu et al., 2021) 

Family history of cancer Higher (Niu et al., 2021) 

Refrigerator use Lower (Niu et al., 2021) 

Betel Quid Higher (Wu et al., 2006) 

Polycyclic aromatic hydrocarbons Higher (Roshandel et al., 

2012) 

Gastric dysbiosis Higher (Nasrollahzadeh et 

al., 2015) 

Human papillomavirus (HPV) Medium (L. Guo et al., 

2016) 

Pickled vegetables Higher (Islami, Ren, et al., 

2009) 

Tooth loss and poor oral hygiene Higher (Abnet et al., 2008) 

Helicobacter pylori Lower (Xie et al., 2013) 

Low socioeconomic status Higher (Chen et al., 2022) 
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Despite all of the risk factors listed in Table 1.1, the aetiology of ESCC remains generally 

unclear, and risk factors associated with the disease may differ from one geographic 

region to another. 

The ESCC hot spot regions in Africa, described as the ESCC corridor, include Burundi, 

Ethiopia, Rwanda, Uganda, Kenya, Malawi, Tanzania, and South Africa (Munishi et al., 

2015; Schaafsma et al., 2015). In Sub-Saharan Africa, ESCC develops in younger 

patients compared to other regions of the world (Kayamba et al., 2015). Most ESCC 

patients in South Africa present with an advanced stage of the disease, and the median 

survival of these patients is only approximately 120 days (Bergquist et al., 2005). Thus, 

the abysmal outcome of this disease underscores the need for early markers of disease 

and novel therapeutic options. 

A landmark discovery in the 1990s was the discovery of the BRCA1 and BRCA2 genes, 

mutations in which are associated with a high risk of breast and other cancers  (Bowcock, 

1993). This discovery signalled a new era of our understanding of cancer genetics. 

Subsequent sequencing of the human genome and genomic profiling of cancers over the 

past decade has provided us with insight into the impact of germline (heritable) and 

somatic (acquired) aberrations on cancer (Alldredge and Randall, 2019). 

At a molecular level, tumours progress through a range of different mechanisms occurring 

within and outside the cell. Defective cell signalling pathways affect BPs within the cell, 

including unregulated proliferation, cell growth, differentiation and cell death (Murakami 

and Simons, 2008). Tumours proliferate because of oncogene activation or insensitivity 

to growth-inhibitory signals, resistance to apoptosis or failure to repair damaged DNA 

caused by a carcinogen. Vascular supply is also important for tumour growth 

(angiogenesis). Mutations in genes that regulate angiogenesis, such as vascular 

endothelial growth factor (VEGF), basic fibroblast growth factor (bFGF) and platelet-

derived growth factor (PDGF), are seen in most cancers (Murakami and Simons, 2008). 

A number of recent technologies that allow genome-wide study of tumour-associated 

somatic variants have revolutionised the field of cancer. Among these, microarrays reveal 

loss of heterozygosity and copy number changes (genomic regions of gains and losses), 

while NGS allows sequencing of the entire exome (coding genome) or whole-genome of 
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tumours. Sequence comparison between tumours and germ line DNA (peripheral blood 

or adjacent histologically normal tissue) from the same patient uncovers tumour-specific 

somatic variants. These two molecular techniques have identified nonrandomly mutated 

genes and signalling pathways in a number of malignancies, which has allowed the 

development of personalised therapies implemented in lung, stomach, breast and 

colorectal cancer, as well as haematological malignancies (Chen et al., 2016). 

In 2012, the first whole-exome sequencing study on paired tumour/normal DNA in ESCC 

was performed on 12 ESCC individuals in the USA. Mutations and copy number 

alterations were found in the TP53, NOTCH1, PIK3CA and FAT1 genes (Agrawal et al., 

2012). Subsequently, several NGS studies have been performed globally on ESCC 

patients. Zhang et al. (2022) reviewed the latest review of somatic genomic data in ESCC 

patients using the cBIOPortal for cancer genomics (https://www.cbioportal.org). This 

database integrates genomic data from several sources and is highly credible (Zhang, 

Wang and Meng, 2022). The top 15 most frequently mutated cancer-related genes in 

ESCC included TP53, PIK3CA, KMT2D, LRP1D, PCLO, NFE2L2, NOTCH1, NOTCH3, 

TRRAP, SMARCA4, KMT2C, ZNF750, TGFBR2, PTCH1 and HDAC4. Genes that are 

frequently involved in copy number variants include CCND1, FGF3, FGF4, FGF19, 

CDKN2A, CDKN2B, LPR1B, TBL1XR1, TERC, LPP, PRKCL, TP63, PIK3CA, MECOM 

and MTAP (Zhang, Wang and Meng, 2022). These alterations affect the cell cycle 

(CDKN2A, CDKN2B, CCND1, TP53), RTKMAPK/PI3K pathway (FGFs, PIK3CA) and 

epigenetic modulators (KMT2C, KMT2D) (Zhang, Wang and Meng, 2022). 

The current review of genetic studies in South Africa informs us that 23 ESCC studies 

have been performed, of which 16 studies investigated germline susceptibility (Simba et 

al., 2019). While the ESCC tumour genome has been investigated in patients from Asian 

countries, the existing literature on genomic sequencing studies in Africa comprises just 

two investigations.. The first study was conducted in Malawi on 59 ESCC cases subjected 

to whole-exome and transcriptome analysis (Liu et al., 2016). The tumour genome 

revealed gene mutations common to previous studies performed in Asia and America as 

well as a unique set of gene mutations not reported before in this cancer. Apart from 

deletions on chromosome 1q31, mutated genes were similar to those found in the North 

https://www.cbioportal.org/
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American and Asian ESCC cohorts, namely, TP53, NOTCH1, FAT1, NFE2L2, and 

FBXW7, as well as copy number alterations in CCND1 and CDKN2A (Zhang, Wang and 

Meng, 2022; Liu et al., 2016). In a single African ESCC study, whole-exome sequencing 

revealed three mutational signatures, of which two are common to the Chinese population 

(Liu et al., 2016). The first common signature is characterised by C to T transition 

mutations, an age-associated signature common to many cancer types. The second 

signature is characterised by both C to G transversions and C to T transitions that occur 

at TCN trinucleotides, which closely resembles the APOBEC-associated cytidine 

deaminase signature found in several malignancies. In addition, a third signature was 

identified in the African cohort, previously unreported in any other ESCC cohort. This 

signature is associated with gingival buccal oral squamous carcinoma, similar to signature 

29. Gene mutations from this signature include: 

TP53, FAT1, CASP8, HRAS and NOTCH1 and is commonly seen in tobacco-

chewing-related gingival buccal squamous cell carcinoma. This signature is characterized 

by C to A transversions (NCA trinucleotides) and C to T transitions (NCG trinucleotides). 

The study attributed these mutations to factors such as age-related cytosine deamination, 

APOBEC-induced cytosine deamination, and an unidentified mutagenic agent. While 

HPV and EBV were ruled out, further research is needed to pinpoint the exact cause of 

this signature in SSA ESCC. This is the first time that this signature was reported in an 

ESCC cohort, and the authors suggested that it could be attributed to an unknown 

mutagenic process. In the same study, RNA expression analysis showed that ESCC 

could be divided into three distinct subtypes characterised by their expression of cell cycle 

and neural transcripts. The authors concluded that the mechanism of mutagenesis of 

ESCC in Africa differs when compared to the rest of the world, and thus, the 

epidemiological cause of ESCC in Africa could be attributed to factors other than 

exposure to a carcinogen such as tobacco and an oncogene virus (Liu et al., 2016). The 

second more recent study investigated exome sequencing in ESCC patients from Eastern 

Africa: Kenya (68), Malawi (59), Tanzania (35). Similar to the initial study, the predominant 

portion of cases (88% and 91%) exhibited mutational signatures related to APOBEC 

activity (SBS2 and SBS13) (Moody et al, 2021). 
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1.3 DNA Methylation Studies in ESCC 

In addition to loss of heterozygosity, copy number changes and genomic mutations, the 

tumour genome can be affected by an aberrant methylation pattern. DNA methylation 

inhibits gene expression by modifying the DNA structure without changing the coding 

sequence of the genome. DNA methylation is the covalent addition of a methyl group to 

cytosine (5-methylcytosine (5mC)). Most CpG dinucleotides are methylated; however, 

those within CpG islands (CGIs) are usually unmethylated (Deaton et al., 2011; Jones, 

2012). Carcinogenesis is often characterised by genome-wide methylation changes 

between tumour and normal specimens. Generally, there is a pattern of global 

hypomethylation and focal hypermethylation in promoters and first exons across the 

tumour methylome (Dong et al., 2014). Methylated CpGs prevent transcription factor 

binding in tumour-suppressor genes, which results in decreased gene expression and 

loss of tumour-suppressor function. Consequently, this leads to uncontrolled cell growth 

and tumour development (Dong et al., 2014). 

Several Asian studies have investigated the methylation status of different genes in ESCC 

patients over the past two decades (Table 1- 2). These studies compared methylation 

patterns between ESCC lesions and adjacent normal esophageal tissue of the same 

patient or plasma DNA from normal healthy controls. 
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Table 1- 2: List of all known methylation studies carried out globally in ESCC 

Hypermethylated 

genes* 

Number of ESCC cases Techniques used Geographical 

location and 

Research group 

RAR-β (55%) and 

FHIT (45%) 

47 ESCC tumour/normal 

tissue 

Methylation specific PCR (MSP) Asia (Kuroki et al., 

2003) 

TAC1 (50%) 24 ESCC tumours and 

circulating DNA in plasma 

samples 

RT-MSP North America (Jin 

et al., 2007) 

CDH1 (43%) and 

Integrin alpha 4 (21%) 

251 ESCC (only) MSP Asia (Lee et al., 

2008) 

TFF1 106 ESCC and 27 adjacent 

normal tissue 

Illumina GoldenGate Assay (1505 CpG 

dinucleotides for 807 genes, Illumina) 

Asia (Lima et al., 

2011) 

RUNX3 (51%) 70 cell free DNA samples MSP Asia (Zheng et al., 

2011) 

RASSF10 (44%) 88 ESCC tumours and five 

adjacent normal tissue 

MSP, expression of RASSF10 confirmed with 

RT‒PCR 

Asia (D. Lu et al., 

2014) 

DDIT3, FES, FLT3, 

NTRK3, SEPT5, 

SEPT9, SOX1, 

SOX17 

40 ESCC tumour/normal 

tissue 

Illumina GoldenGate Assay (1505 CpG 

dinucleotides for 807 genes, Illumina). The 

results confirmed with pyrosequencing (Qiagen) 

Asia (Kuo et al., 

2014) 

SOX17 169 ESCC and tissue from 

nine healthy controls 

MSP,RT‒PCR, Immunohistochemistry. The 

results confirmed with bisulfite sequencing 

Asia (Gao et al., 

2014) 
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Hypermethylated 

genes* 

Number of ESCC cases Techniques used Geographical 

location and 

Research group 

SFRP1 (95%) SFRP2 

(83%) 

30 Basaloid ESCC cases MSP and Immunohistochemistry Asia (Saito et al., 

2014) 

DACH1 (62%) 104 ESCC cases MSP, results confirmed with bisulfite sequencing Asia (Wu et al., 

2014) 

RASS2F (35%) 188 ESCC tumour/normal 

tissue 

Bisulfite sequencing and RT‒PCR to confirm 

expression of RASS2F 

Asia (W. Guo et 

al., 2016) 

CHFR (45%) 109 ESCC and 16 healthy 

controls 

MSP Asia (Yun et al., 

2015) 

SFRP1, SFRP2, 

SFRP4, SFRP5, 

SOX17, WIF1 (33%). 

CDKN2A CHFR (9%) 

57 ESCC tumour/normal 

tissue 

Infinium Methylation 450K array (Illumina) Asia (Kishino et 

al., 2016) 

BNIP3, BRCA1, 

CCND1, CDKN2A, 

HTATIP2, ITGAV, 

NFKB1, PIK3R1, 

PRDM16, PTX3 

43 ESCC tumour/normal 

tissue and 10 tissues from 

healthy controls. 

Infinium Methylation 450K array, results 

confirmed with Bisulfite NGS (Illumina) 

Asia (Peng et al., 

2016) 

PAX1, ZNF582 14 ESCC tumour/normal qMSP Asia (Huang et al., 

2017) 
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Hypermethylated 

genes* 

Number of ESCC cases Techniques used Geographical 

location and 

Research group 

ZNF132 91 ESCC tumour/normal NGS targeted approach using HiSeq. RNA 

expression checked with RQ-PCR 

Asia (Jiang et al., 

2018) 

ABCD1, CCDC8, 

FBXO17 

99 ESCC with three normal 

samples 

Bioinformatics approach using methylation and 

transcriptome data from TCGA database which 

used 450k array 

Asia (Lu et al., 

2019) 

KMT2D, KMT2C, 

KDM6A, EP300, 

CREBBP 

20 ESCC Epigenetics 

modulator genes 

Whole-genome bisulfite sequencing Asia (Cao et al., 

2020) 

NRN1 1012 tumour and 15 normal 

samples 

Methylation specific PCR Asia (Du et al., 

2021) 

PAX9, SIM2, THSD4 108 ESCC and 51 adjacent 

normal tissue 

850k array with transcriptome data from TCGA 

database 

Brazil, Portugal, 

Iran, Ethiopia, 

Kenya and India 

and SA (Talukdar 

et al., 2021) 
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The key genes identified from these studies in Table 1- 2 play important roles in key 

mechanisms of cell cycle signalling, proliferation, apoptosis, DNA damage repair and 

involved genes of the WNT, TP53 and TGF-β pathways. The results from the above 

methylation studies with regard to the pathways they affect are summarised below. 

1.3.1 DNA Repair Genes 

Mismatch repair (MMR) proteins recognise mismatches that arise from replication 

errors in DNA. Two genes that participate in the MMR system, MLH1 and MSH2, are 

methylated in 32-62% and 29-32% of ESCC tumours, respectively (Tzao et al., 2005; 

Su et al., 2014; W. Guo et al., 2016). Apart from MMR genes, the FHIT gene, which 

maintains genome stability, is methylated in 45% of ESCC (Kuroki et al., 2003). 

1.3.2 Genes Involved in the Cell Cycle 

RASS10 and CHFR induce G2/M phase cell cycle arrest and are methylated in 44% 

(D. Lu et al., 2014) and 45% (Yun et al., 2015) of ESCC tumours, respectively. 

1.3.3 Canonical WNT Signalling 

The activated WNTβ-catenin signalling pathway promotes cell proliferation by 

stimulating MYC, Cyclin D1 and other downstream genes. Secreted frizzled-related 

proteins (SFRPs) regulate the canonical WNT pathway. SFRP1 and SFRP2 are 

methylated in 95% and 83% of ESCC, respectively (Saito et al., 2014). SOX17 is 

another gene that regulates the WNT pathway by degrading the β-catenin/TCF 

complex. Hypermethylation of the promoter region of SOX17 reduces SOX17 

expression in ESCC (65%), leading to overexpression of the WNT signalling pathway, 

causing an increase in cell proliferation and promoting carcinogenesis. SOX17 

methylation is strongly associated with alcohol consumption, and reducing alcohol 

intake may help to prevent ESCC by inhibiting SOX17 methylation (Kuo et al., 2014). 

1.3.4 TGF-β Pathway 

The TGF-β system is a set of multifunctional cytokines that regulate cell growth, 

differentiation, migration, angiogenesis and apoptosis (Wu et al., 2014). It has been 

suggested that methylation of DACH1 in ESCC (62%) activates TGF-β, which in turn 

suppresses MYC (Wu et al., 2014). 
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1.3.5 TP53 and WNT Pathways 

One study performed whole-exome sequencing and methylome analysis on the same 

ESCC samples. The integrated data revealed that genes that negatively regulate the 

WNT pathway are generally hypermethylated, while TP53 and other elements in the 

TP53 pathway are usually mutated (Kishino et al., 2016). One of the most recent ESCC 

studies used the 850k array (Illumina®) and found enrichment of  hypermethylated 

genes in theWNT pathway (Talukdar et al, 2021). 

One can deduce from the methylation studies listed in Table 1- 2 that there is no 

particular gene or set of genes commonly hypermethylated across all studies. 

However, evidence from the studies above indicates that aberrant methylation occurs 

in genes that are involved in key parts of cancer pathways. Some of the studies in 

Table 1- 2 also suggest that the genes that are hypermethylated play an important role 

in the early stage of ESCC. RAR-β, FHIT, TAC1, CDH1, SOX17 and DACH1 are 

methylated in the early stages of ESCC (Kuroki et al., 2003; Jin et al., 2007; Lee et al., 

2008; Wu et al., 2014, 2014). These genes could be critical biomarkers for the early 

diagnosis of ESCC. RASSF2 (W. Guo et al., 2016) and CHFR (Yun et al., 2015) are 

genes associated with a poor prognosis that are methylated during late stages of 

ESCC. As mentioned above, whole-exome sequencing (tumour/normal) and RNA 

transcriptomic analysis from a single study performed in Africa (Liu et al., 2016) 

suggest that Africa may have unique signatures of ESCC not explained by exposure 

to carcinogens or oncogenic viruses. A methylome study is likely to inform on 

environmental factors contributing to the disease, yet it has never been performed in 

African or South African ESCC patients. 

To carry out a comprehensive methylome study, one must take into consideration the 

cost and effectiveness of techniques used to determine the tumour methylome. 

Bisulfite sequencing is considered the “gold standard” to determine the CpG 

methylation status of a DNA sequence (Heyn et al., 2012). However, obtaining the 

methylation status of the entire genome using bisulfite sequencing is time-consuming 

and expensive. For this reason, most studies use recently developed DNA methylation 

microarrays. Since their inception, DNA methylation arrays have been used 

extensively in cancer studies (Moran, Arribas and Esteller, 2016), autoimmune disease 

(Sun et al., 2016), mental illness (Nestler et al., 2016) and cardiovascular disease 

(Zhang and Zeng, 2016). Among commercial platforms, the Illumina Infinium 450k 

DNA methylation microarray stands out. It has been used in many cancer studies and 
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has been the selected technique for studies affiliated with The Cancer Genome Atlas 

(TCGA) project (Liang and Weisenberger, 2017).  

Most studies in Table 1- 2 were performed in the past decade and were limited by the 

number of genes that could be tested simultaneously for aberrant methylation. Only 

the two most recent ESCC studies (Kishino et al., 2016; Peng et al., 2016) were able 

to interrogate ~450 000 sites simultaneously for their methylation status owing to 

recent availability of the Infinium Methylation 450K array (Infinium Human Methylation 

450K BeadChip Support, no date). However, two minor problems have been identified 

with the 450k array; both problems are related to the array probe design. The first issue 

is that the probes used to determine the methylation status have a differing dynamic 

range, which could potentially create a bias when measuring DNA methylation. Since 

the advent of the 450k array bioinformatics tools for data analysis, these issues have 

largely been addressed by ruling out any potential data bias (Moran, Arribas and 

Esteller, 2016). The second limitation of arrays is the probe design, which does not 

target enhancers that regulate transcription, as revealed by whole-genome bisulfite 

sequencing (Pidsley et al., 2016). To counter this problem, Illumina designed the 

Infinium 850k EPIC BeadChip array, which targets ~850 000 CpG sites, including 

enhancer regions (Moran, Arribas and Esteller, 2016). Although one study in Table 1- 

2 used the 850k array across ESCC samples from several world geographical sites 

(including South Africa), there were a few drawbacks to their study. First, this study 

used transcriptome data obtained from the TCGA database (instead of matched 

tumour samples) to correlate with methylation data (Talukdar et al., 2021). While 

databases such as TCGA are extensive, comparing data from different experiments is 

challenging due to several factors, such as differences in sample handling and 

processing, the type of RNA sequencing platform and chemistry used and the analysis 

pipeline used to normalise batch effects (Wang et al., 2018). Second, the same study 

also used a short window of only 2 CpGs to infer 67% of their significant differentially 

methylated regions (DMRs) (Talukdar et al., 2021). In contrast, the literature suggests 

using a minimum of 3-4CpGs across a 1000 base pair window when infering DMRs 

(Grolaux et al, 2022; Rezwan et al, 2015).  Finally, the top 3 candidate gene promoters 

(PAX9, SIM2 and THSD4) found to be significantly hypermethylated across most of 

their specimens  from different geographical locations were not detected in their South 

African cohort, nor were any other significant DMRs detected in their South African 

cohort (Talukdar et al., 2021). This underscores the need to perform genomic studies 
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of unique geographical locations that could be associated with specific risk factors and 

aetiologies. 

Recently, Illumina has also developed the TruSeq® Methyl Capture EPIC Library Prep 

Kit. The TruSeq kit builds on the 850k array design and is an NGS-based technique 

that enables bisulfite sequencing of 3,340,894 CpG sites in the genome 

simultaneously. It includes additional regions of significance identified by ENCODE, 

FANTOM5 and the Epigenomics RoadMap Consortium (TruSeq Methyl Capture EPIC 

Library Prep Kit Documentation, no date). In comparison to whole-genome bisulfite 

sequencing, the TruSeq kit covers five times more methylated sites than the 850k array 

and is 25% cheaper than the 850k array (TruSeq Methyl Capture EPIC Library Prep 

Kit Documentation, no date) 

1.4 Study Aim and Objectives 

The main aim of the study was to test the hypothesis that dysregulation of the 

methylome contributes ESCC  carcinogenesis in the South African population. 

Specific Objectives 

1. To assess whether the quality of samples stored in RNAlater are suitable for 

histology examination and large-scale genomic studies. 

2. To identify novel and potentially African-specific DMRs in ESCC using the 

TruSeq Methyl Capture EPIC NGS assay and to correlate these findings with 

transcriptome data generated from the same cohort. 

3. To identify a novel and potentially African-specific ESCC expression profile 

using transcriptome data. 

This study achieved these objectives in three manuscripts: Manuscript 1 addressed 

objective 1, manuscript 2 addressed objective 2, and manuscript 3 addressed objective 

3. 
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Chapter 2: Summary of Methods 

This chapter outlines the approach and summarises the methodology used in each 

manuscript. Details of the methods used are described in the three manuscripts, which 

encompass chapters 3, 4 and 5. Sample collection, nucleic acid extraction, library 

preparation for methylome sequencing, validation studies, bioinformatics analysis, 

writing of chapters and corrections from supervisors were carried out by the PhD 

candidate. 

2.1 Experimental Design 

The genomic studies reported in this thesis used prospectively recruited cases. Ethics 

clearance was obtained from the Human Research Ethics Committee (Medical) at the 

University of the Witwatersrand (Wits) (Certificate number M181188) in line with the 

Helsinki declaration (2013) and from the Biomedical Research Ethics Committee of the 

University of KwaZulu-Natal (UKZN) (Certificate number BF270/15). Ethical clearance 

certificates can be found in Appendix A. Patients enrolled in this study were recruited 

from the Charlotte Maxeke Johannesburg Academic Hospital (CMJAH) and Grey’s 

hospital (GH) in KwaZulu-Natal (KZN). 

2.2 Objective 1 

The first objective was a collaboration between CMJAH and GH in KwaZulu-Natal 

(South Africa). Suspected ESCC tumour tissue and matched adjacent normal tissue 

were collected from 50 CMJAH and 92 tumour tissue from GH ESCC presentation 

cases, respectively. Specimens were stored in a 2-ml Cryotube and immediately 

immersed in a vacuum flask containing liquid nitrogen or stored in RNAlater® (Qiagen). 

Each tissue specimen was divided into two pieces (25%:75%); the smaller portion was 

processed for histology, and the larger portion was processed for DNA and RNA 

extraction (Qiagen AllPrep Universal Kit ® (Qiagen)) according to the manufacturer’s 

protocol. Samples with ≥60% tumour content and matched adjacent normal tissue (0% 

tumour) were the primary criteria for inclusion. The majority of patients in the CMJAH 

cohort used for this methylome and transcriptome study had 100% tumour content 

(7/12). Following extraction, both nucleic acids were assessed using Bioanalyzer® 

(Agilent, US), gel electrophoresis and Qubit quantification. A detailed explanation of 

sample collection and quality control (QC) is described and published in chapter 3. 
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After sample collection, histology, nucleic acid extraction and QC of all specimens 

described in objective 1, the second and third objectives could be carried out, which 

included methylome and mRNA sequencing on a cohort of 12 matched tumour normal 

tissue specimens derived from ESCC patients.  

2.3 Objectives 2 and 3 

Extracted DNA was sonicated using ultrasonication to obtain products of 180–220 

base pairs in length according to the company’s exact protocol and specifications. 

First, 500 ng of gDNA was sonicated using a Covaris E220 sonicator (Covaris©, 

Woburn, MA) to obtain >60% fragments between 100–300 bp. Product sizes were 

verified on the Labchip© instrument (Perkin Elmer©). We chose the TruSeq Methyl 

Capture EPIC® assay (Illumina) for methylome sequencing mainly because this assay 

targets approximately 3.3 million CpG sites and has never been tested in African ESCC 

patients or any other African cohort. The Illumina EPIC Truseq protocol was followed 

exactly according to the manufacturer’s instructions without any modifications. The kit 

generates precaptured DNA libraries. The precapture libraries were hybridised to the 

EPIC oligos, purified by capture with streptavidin beads and washed twice to remove 

nonspecific binding. After the last elution, hybridised products were subjected to 

bisulfite conversion with the reagent provided in the TruSeq Methyl Capture EPIC 

Library Prep Kit. The bisulfite-treated libraries were PCR-amplified for 11 cycles with 

Kapa HiFi HotStart Uracil + polymerase© (Kapa Biosystems). Libraries were clustered 

on a V3 paired-end read flow cell and sequenced for 100 cycles (PE100) on an Illumina 

HiSeq 2500. RNA sequencing was performed on the same tumour normal matched 

samples using the mRNA stranded prep assay (Illumina®). 

A large component of this project was invested in bioinformatics analysis. NGS data 

were analysed using several command line and R software packages. The commands 

used for each step of this entire project can be found in Supplementary document 2.1. 

A summary of some of the tools used for QC will be described below. 

2.4 FastQC 

After DNA is sequenced on a sequencer, sequencing reads are stored in the FASTQ 

format, which contains four lines of text: (1) read name identifiers (2) nucleotide 

sequences, (3) line begins with a ‘+’ character and is optionally followed by the same 

sequence identifier, and (4) base Phred quality score for each nucleotide in that read 

(Cock et al., 2010). FastQC (Andrews, 2010) is a tool that is used to calculate some 
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simple QC checks on raw NGS data. Input files for FastQC include fastq, BAM or SAM 

files. FastQC provides a quick overview and summary in the form of graphs and tables 

to assess NGS data. The user will have a quick impression as to whether there are 

any problems before doing any further downstream analysis by looking at the FasQ 

file. One of the main features of FastQC is the per base quality graph, which provides 

the user with a visual image of the distribution of sequencing quality per base position. 

It is generally accepted that a Phred score of ≥30 is acceptable because this indicates 

that the base calling is 99.9% accurate (with a 0.1% chance of error) (Cock, 2010). QC 

of all sequencing reads (methylome and transcriptome) was performed using FastQC 

version 0.11.841 (Figure 2-1).  

2.5 Trimming 

Typical NGS data have poor-quality bases (Phred scores ≤ 30) at the ends of reads. 

Adapter contamination will affect read mapping, resulting in low mapping efficiencies. 

These bases are removed in a procedure referred to as “trimming”. FASTQ files were 

first trimmed using Trimmomatic© version 1.2.14. During trimming of low-quality bases 

with a Phred score ≤ 30, biased read positions, indexes and adapters were removed 

from each read. FastQC was run again on the trimmed sequences to verify QC (Figure 

2- 1). The same sequencing quality distribution was observed for all other samples. 
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Figure 2- 1: Sequencing quality distribution for sample (2 N). The base position is on 
the horizontal axis, and the base quality is on the vertical axis. Green represents good 
quality bases with Phred scores ≥28, orange indicates reasonable quality and red 
indicates poor quality (Phred scores ≥20).    

Primary Analysis and QC for Methylome Sequencing 

2.6 Alignment and Sequencing Depth of Coverage 

Following trimming, quality paired-end reads were uploaded to Bismark (v0.12.2) for 

read mapping and alignment to the reference human genome (hg38) using Bowtie2 

(v2.2.2). Bismark performs alignment against the reference human genome (hg38) 

using Bowtie2 (v2.2.2). Bismark runs four alignments simultaneously using the forward 

and reverse strands. Bisulfite reads (C to T conversions) on the forward and reverse 

strands are aligned to the converted human reference genome (hg38). Bismark 

converts all cytosines into thymines in the reference sequence and in the bisulfite-

treated samples reads. The reads from bisulfite-treated samples are then aligned to 

the modified reference sequence to find the positions of the methylated (unconverted) 

cytosines (Krueger & Andrews, 2011). After alignment, Bismark removes any 

sequencing duplicates and generates an output file with features that include total read 

pairs, mapping efficiency, number of CpGs sequenced and average coverage. These 

sequencing statistics are shown in Table 2- 1. 
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Table 2- 1: Main sequencing statistics generated from methylome sequencing 

Sample 

name 

Total read 

pairs 

Mapping 

efficiency 

CpGs 

detected 

CpGs 

cov>10 

Average  

coverage 

N1 33,444,410 85.1% 9,534,968 3,410,181 13.66 

T1 21,536,250 0.00% 1,296 0 1 

N2 29,587,814 85.5% 9,087,218 3,207,347 12.6 

T2 72,202,632 84.9% 12,931,749 4,542,930 21.52 

N3 40,222,539 84.7% 10,310,601 3,655,200 14.74 

T3 46,550,417 84.8% 10,969,304 3,851,976 15.97 

N4 47,033,141 85.4% 10,851,745 3,868,987 16.33 

T4 51,602,720 84.5% 11,376,527 4,036,578 17.25 

N5 33,598,500 84.6% 9,595,239 3,393,338 13.36 

T5 64,255,092 85.3% 12,382,829 4,319,891 19.51 

N6 33,529,095 84.8% 9,440,060 3,350,171 13.45 

T6 43,022,311 83.9% 10,835,424 3,799,990 14.94 

N7 43,959,976 72.1% 9,505,316 3,585,641 14.55 

T7 31,603,965 71% 7,815,367 2,902,765 12.7 

N8 44,209,023 72.6% 9,385,976 3,568,877 14.88 

T8 62,847,868 71.1% 10,862,501 4,146,899 17.63 

N9 22,713,217 77.8% 6,151,854 2,321,961 12.25 

T9 63,905,688 80.7% 8,862,278 4,225,536 22.93 

N10 34,813,903 81% 9,149,865 2,939,595 11.54 

T10 53,504,806 78.6% 10,702,528 3,786,930 14.95 

N11 14,219,520 73.05 5,004,653 1,460,226 9.08 

T11 21,352,844 73.65 5,931,064 2,228,671 11.9 

N12 35,074,592 66.32 9,048,496 3,023,615 11.75 

T12 41,348,037 67.05 9,511,438 3,300,804 13.13 

• Total read pairs: Number of read pairs sequenced. 

• Mapping efficiency: percentage of uniquely aligned read pairs with resp….ect to total sequenced read pairs. 

• CpGs detected: number of CpGs called by the methylation extraction script. 

• CpGs cov > 10: number of detected CpGs with more than 10 reads mapped. 

• Average coverage - average number of reads mapping to CpG positions. 

Mapping efficiency refers to the percentage of reads that can be mapped to the 
reference genome. Samples should have an acceptable mapping efficiency, which 
usually ranges between 40 and 60% (Doherty and Couldrey, 2014). All of our samples 
except T1 had a mapping efficiency >66%. Depth of coverage refers to the number of 
times a nucleotide is read during sequencing. For methylation calling, it is 
recommended to have a depth of coverage of at least 10x (Ziller, 2015). From our data, 
22/24 samples generated a coverage > 10x, one sample generated a depth of 
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coverage >9, and one sample (T1) failed with a low depth of coverage of 1x. 
Consequently, sample T1 with low sequencing depth and poor mapping efficiency was 
excluded from further downstream analysis. 

 

2.7 DNA Methylation Calling 

After suitable alignments were generated, the methylation status for individual 

cytosines was collated into a coverage file (COV) using the Bismark methylation 

extractor. The COV file contains the methylation status and genomic position (hg38) 

for each cytosine. The methylation percentage of each cytosine can be calculated by 

using the number of methylated and unmethylated cytosines at a particular CpG site/s 

for each sample. For example, if we look at the same read of 125 bases in a normal 

and tumour sample across one read (Figure 2.2), all ten CpG sites shown in red are 

methylated, therefore this is an indication that this region is 100% methylated. In 

contrast, a read from another sample across the same window could have 5/10 of the 

same CG sites unmethylated (shown in green), indicating that 50% of this region is 

methylated. These 5 CpG sites that are unmethylated were converted during bisulfite 

conversion and therefore sequenced as thymine. The CpG data set was also filtered 

for low coverage, and CpGs with coverage  >10x in all windows were discarded. 
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Sample 1 (Normal Tissue): 

TCCTGCCTCAGCCTCCCGGGTAGCTGGGACTACAGGCGCGCGCCGCCACGCCTGGCT

AATTTTTTATATTTTAGTAGAGACGGCGTTTCACCATGTTGGCCAGGATGGTCTCGAT

CTGTTGACGA 

Sample 2 (Tumour Tissue): 

TCCTGCCTCAGCCTCCCGGGTAGCTGGGACTACAGGCGCGCGCCGCCATGCCTGGCT

AATTTTTTATATTTTAGTAGAGATGGTGTTTCACCATGTTGGCCAGGATGGTCTTGATC

TGTTGATGA 

Figure 2- 2: An example of a sequencing reads taken from a matched normal and tumour 

pairsNormal (sample 1)/tumour (sample 2) pair. Sample 1 has 10/10 CG sites methylated, 
and sample 2 has 5/10 CG sites methylated at the same positions. 
CG sites are shown in red. CT sites are shown in green.   

 

The methylation status of each cytosine can exist in three different sequence contexts: 

CpG, CHG or CHH (where H is A, C, or T) and is also strand specific: Original Top 

strand (OT); Complementary To Original Top strand (CTOT); Original Bottom strand 

(OB) and Complementary To Original Bottom strand (CTOB). Raw data in the form of 

methylation calls from all four strands are included in the COV file for each sample 

(Supplementary folder 2.1). 

2.8 Methylkit: QC 

Additional QC and tertiary analysis of methylome data was generated with MethylKit 

(Akalin et al., 2012). MethylKit is an R package used to assess QC, analysis and 

annotation of methylome data. The COV files generated by Bismark for each sample 

were used as input for MethylKit. It is always recommended to perform some QC 

analysis to avoid any biases that may affect subsequent downstream analyses. Typical 

QC after methylation sequencing includes checking for percentage methylation, CpG 

coverage distribution, adapter contamination and low bisulfite conversion, which can 

result in an erroneous methylation status of cytosine (Singer, 2019). 

2.9 Bisulfite Conversion and PCR Bias QC 

The percent methylation distribution plots show the frequency of reads with different 

methylation percentages. A typical plot should have a bimodal shape showing two 
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peaks at the ends. This reflects a high number of reads with both low and high 

methylation and a lower number of reads with intermediate percentages of methylation 

(Akalin et al., 2012), ie, a CpG site should be fully methylated (100%) or unmethylated 

(0%). Methylation distribution plots for one of our tumour normal pairs are shown in 

Figure 2- 3. The same methylation distribution was observed in all our other samples. 

 

 

 

 

 

 

 

 

 

 

Figure 2- 3: Histogram of percent methylation of cytosine for samples N2 and T2. X-axis: 
percentage of methylation. Y-axis: frequency 

 

The read coverage distribution is another important metric that would provide evidence 

if our sequencing suffered from PCR duplication, also known as clonal reads. If there 

was PCR bias in our samples, some reads will be asymmetrically amplified, which 

would skew methylation calls for those regions. A high degree of PCR duplication bias 

would display a read coverage distribution with a secondary peak on the right side 

(Akalin et al., 2012). Reads from all samples had an equal coverage distribution, with 

no evidence of a second peak on the right-hand side. Distribution plots for sample 2 

(tumour/normal) are shown in Figure 2- 4. 
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Figure 2- 4: CpG coverage distribution for samples N2 and T2. X-axis: log 10 of read 
coverage, y-axis: Frequency 

The average conversion rate detects the efficiency of the bisulfite treatment when 
unmethylated cytosines are successfully converted. It is recommended that this 
number is ≥ 99% (Singer, 2019). The bisulfite conversion rate for all our samples 
ranged between 99.7% and 99.9%. 

2.10 Secondary Analysis of DMRs Between Tumour Normal Samples 

Figures and analysis generated with MethylKit included Distribution of differentially 

methylated cytosines (DMCs), Volcano plot, Principal component analysis (PCA)  

analysis and distribution of DMRs across gene features. Pathway enrichment analysis 

across biological processes (BPs), Kyoto Encyclopedia of Genes and Genomes 

(KEGG) and Reactome was performed in the R environment. Correlation analysis 

between DNA methylation and transcriptome data was also performed in the R 

environment. Details of all tertiary analyses for methylome data are described in 

chapter 4.  
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2.11  RNA Sequencing 

2.11.1 Primary Analysis and Quality Control for Transcriptome Data 

Similar to methylation sequencing data, transcriptome data were filtered through a 

series of filtration methods to obtain high-quality sequencing data for subsequent 

analysis. The QC of RNA sequencing can be broadly divided into three steps: 1 - raw 

read data (FASTQ), 2 - alignment and 3 - gene expression. As with DNA methylation 

sequencing data, the base quality distribution for RNA sequencing data was also 

visualised with FastQC (v0.11.841), and adapters and reads that had bases with a 

Phred quality score ≤ 30 were removed with Trim Galore! version 0.4.142. The Q30 

score for all our samples ranged between 94 and 97.88%. 

2.11.2 Distribution of A, T, G, and C Bases 

FastQC was also used to identify the proportion of AT and GC content. According to 

the latest human genome build (hg38), the GC content is 48.9% for coding RNA 

(Sheng et al., 2017). Thus, the proportion of AT and GC should be equivalent at each 

sequencing cycle during the entire sequencing procedure. However, due to primer 

amplification bias, the first 6 to 7 nucleotides will fluctuate, which is expected in most 

sequencing experiments. The distribution of GC content is shown in Figure 2- 5. All 

bases have a similar content (~25%) after the first few cycles of sequencing. 
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Figure 2-5: Distribution of A, T, G, and C contents for sample 2 N. The horizontal axis 
represents the position of each base, and the vertical axis represents the percentage of 
each base. 

Raw reads were filtered to remove reads containing adapters or reads of low-quality 

(Phred quality score ≤ 30) so that downstream analyses only proceeded with clean 

reads. The filtered clean reads were mapped to the reference genome with HISAT2 

(Kim et al., 2019). Mapped reads refer to reads that are mapped to exons, introns or 

intergenic regions. Regions mapping to the exon should be most abundantly present. 

The mapping rate of each sample refers to the percentage of clean reads that can be 

mapped to the reference genome relative to the total number of clean reads (Dobin 

and Gingeras, 2015). The mapping rate is an important variable because it indicates 

sequencing accuracy and the presence or absence of contaminating DNA (Conesa et 

al., 2016). Typically, we expect a mapping rate of 70-90% from human RNA 

sequencing experiments (Conesa et al., 2016). We observed a high mapping rate of 

94 – 98% across all of our samples. The number of sequenced reads per sample is 

also an important factor for quantification of transcripts when carrying out gene 

expression studies. Studies have shown that as few as 5 million reads are sufficient to 

quantify medium to highly expressed genes (Sims et al., 2014), while other studies 

suggest 20 million reads (Conesa et al., 2016) and sometimes up to 100 million reads 
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to precisely quantify genes that have low expression levels (Sims et al., 2014). In this 

study, we obtained an average of 19 million reads per sample. Raw data for RNA 

sequencing can be downloaded in a link provided in Supplementary folder 2.2. After 

QC, the next step was to quantitate transcripts for each gene and determine 

differentially expressed genes (DEGs) between our normal and tumour groups. 

Pathway analysis for our DEGs was carried out with Gene Set Enrichment Analysis 

(GSEA). The methodology used for these steps and their results have been described 

and presented in Chapter 5. A structural outline of chapters 3-5 and all tools used are 

shown in Figure 2- 6. 
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Figure 2- 6: Structural outline of the ESCC project and list of bioinformatics tools u 

Figure 2-6: Structural outline of chapters 3-5 
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Chapter 3 (Manuscript 1): 

Abstract 

Although infectious diseases continue to present a major healthcare problem in Africa, 

the incidence of cancer is increasing rapidly on the African continent, which merits an 

increased investment in cancer research in low- to medium-resource settings. 

Oesophageal squamous cell carcinoma (OSCC) has a high incidence in Eastern and 

Southern Africa, with late clinical presentation and a very poor prognosis. There is 

limited research on the molecular pathology of this cancer in Africa, partly as a result 

of a lack of infrastructure for biobanking and sample processing in many African 

countries. The aim of this study was to establish a practical and robust workflow to 

collect, store and process oesophageal cancer samples such that both the tissue 

architecture and quality of the samples would be preserved and suitable for future 

genomic research. We developed a workflow that allows storage of fresh biopsy tissue 

in sterile Eppendorf tubes containing RNAlater, an efficient RNAse inhibitor. We 

collected 142 OSCC biopsy samples and showed that storage in RNAlater for up to 18 

months did not alter tissue morphology, thus allowing histologic assessment by 

experienced pathologists and determination of tumour content in each biopsied 

sample. DNA and RNA extracted from tissue samples were assessed for purity, 

molecular size and yield. The quantity and quality of nucleic acids obtained were 

suitable for genomic applications, and whole-exome sequencing of DNA from blood 

and tumour tissues produced sequence data with a high proportion of both usable 

reads and correct base calling. We conclude that this workflow may be applicable to a 

wide range of malignancies for future genomic research in low-resource settings. 

Introduction 

Cancer is a growing health care problem worldwide, particularly in Africa, which is 

predicted to be the continent with the fastest increase in cancer incidence over the next 

decade (Sylla and Wild, 2012; Global Burden of Disease Study 2013 Collaborators, 

2015). Despite this, the focus of research in Africa has been mainly on communicable 

diseases such as acquired human immune deficiency syndrome and tuberculosis 

(Hofman et al., 2009; Adedokun, Olopade and Olopade, 2016). Noncommunicable 

diseases in Africa have enjoyed less attention, although this appears to be changing 

(Olesen and Parker, 2012; Kane et al., 2017). Health care systems in Africa are largely 

geared toward addressing the impact of communicable diseases, leaving them ill-
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equipped to deal with the ever-increasing burden of chronic diseases (de-Graft Aikins 

et al., 2010). Even among publications on noncommunicable diseases, cancer-related 

research is less prolific than cardiovascular-related research (Hofman et al., 2006). 

Oesophageal cancer, particularly OSCC, is considered to be endemic in certain parts 

of Africa (Parkin et al., 2014; Ferlay et al., 2015). A corridor that extends along the 

eastern side of Africa from Ethiopia to South Africa is known as a high incidence area 

of esophageal cancer, with OSCC as the predominant subtype (Schaafsma et al., 

2015). Despite the high prevalence, there is limited literature on clinical studies of 

OSCC and of genomic profiles of OSCC tumours in Africa (Loots et al., 2017; Brown, 

Stepien and Willem, 2020; Liu et al., 2016). In contrast, significant progress has been 

made in genomic research on OSCC in non-African countries, particularly in China 

(Lin, Wang and Koeffler, 2018). The success of these studies is based on (i) large 

sample sizes, which have the power to identify potential driver genes, i.e., genes that 

have significant rates of somatic mutations in tumours, and (ii) application of high 

throughput genomic technology such as whole-exome, whole-genome and RNA 

sequencing of tumours. 

SA and other African countries, on the other hand, face major challenges that stem 

largely from resource constraints. These challenges include a lack of human resources 

dedicated to research, inadequate infrastructure for biobanking, and most importantly, 

very limited funding (Vaught et al., 2014). The establishment of a biobank with 

nationally accepted, validated protocols and QC measures is still an emerging concept 

in Africa, and as a result, there is a lack of protocols for biobanking that are validated 

in this setting (Abayomi et al., 2013; Soo et al., 2017). Following protocols established 

by facilities in first-world countries, while desirable, may not be feasible in an African 

setting. There is therefore a need to develop research protocols that are functional but 

also feasible to follow in a resource-constrained environment. Establishing robust 

workflows for biobanking of oesophageal cancer tissue samples in South Africa would 

provide essential tools to facilitate good quality translational research and contribute to 

improving the quality of care for patients afflicted with this devastating disease. It could 

also serve as a template for the collection and processing of tissue samples for 

genomic research in other African cancers. 

We set out to assess the feasibility of performing genomic studies in patients with 

oesophageal cancer from centres with significant resource constraints in two provinces 

in South Africa by establishing procedures for collection, storage, transport and 
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processing of tumour samples collected from patients with squamous cell carcinoma 

of the oesophagus. We also assessed the quality of the genetic material obtained from 

tissue samples with the aim of developing a workflow for sampling and processing that 

is feasible in this setting. 

Materials and Methods 

Patient Recruitment 

Patients were recruited from two centres in two provinces of SA, namely, CMJAH in 

Gauteng, which is a high resource setting, and GH in KwaZulu-Natal, a low-resource 

setting. CMJAH offers a range of tertiary and specialised services and serves patients 

from neighbouring provinces. OSCC patients recruited from CMJAH mainly reside in 

the urban areas of Gauteng. GH is a tertiary hospital providing health care to one of 

three areas in KwaZulu-Natal. The area covers the Western part of KwaZulu-Natal and 

has a population of approximately three million, of which approximately two-thirds are 

from rural areas (Caldwell et al., 2015; Census SA, 2011). Potential OSCC patients 

arriving for endoscopy at CMJAH and at GH were eligible for recruitment into this study. 

Only patients with histologically confirmed OSCC were then enrolled. The purpose of 

the study was explained to each patient in their native language. Informed consent was 

obtained from each patient who then completed a study questionnaire before their 

consultation with the surgeons. A research nurse facilitated patient enrolment, 

consenting and compiling the study questionnaire at CMJAH, while the study clinician 

(LF) and research assistant facilitated the same processes at GH. Ethical clearance 

for this study was obtained from the Human Research Ethics Committee (Medical) at 

the University of the Witwatersrand (Wits) (Certificate number M170871) and from the 

Biomedical Research Ethics Committee of the UKZN (Certificate number BF270/15). 
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Sample Collection and Storage 

The International Agency for Research and Cancer (IARC) protocol was used as a 

guideline for collecting and processing OSCC biospecimens at CMJAH and GH 

(Mendy et al., 2017). 

Figure 3- 1 illustrates the procedure used to collect, process and store OSCC biopsies 

from CMJAH and GH. Routine biopsies of oesophageal tissue were taken from 

patients suspected to have OSCC for diagnostic purposes. For this study, additional 

tissue specimen biopsies were obtained during the routine procedure. At CMJAH, an 

additional biopsy specimen in the oesophagus of each suspected tumour was 

obtained. At GH 2-3, additional biopsy specimens from the suspected tumour were 

obtained. 
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Figure 3- 1: Protocols followed by the two sites for collection, storage, and processing 
of samples  
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Histology preparation for FFPE and frozen sections 

Biopsy specimens from the CMJAH samples were placed in a 2 ml Cryotube 

immediately after extraction, and the Cryotube was then immersed in a vacuum flask 

containing liquid nitrogen. The biopsy was then placed in optimal cutting temperature 

(OCT) compound (Tissue-Tek®) and stored at -80°C. Biopsies were transported in 

batches of 10 in liquid nitrogen to a histopathology laboratory off-site for histological 

processing. Each tissue specimen was divided into two pieces (25%:75%), with the 

25% portion being cut from the OCT-embedded frozen block and used for histology. 

The remaining biopsy (75% of the OCT-embedded frozen block) was stored at -80°C 

until nucleic acid extraction. 

A different protocol was used for the GH samples. Tissue specimens were placed 

immediately into 0.75-1 ml of RNAlater (Qiagen, USA), kept at room temperature for 

30 minutes to six hours and then stored overnight in RNAlater at 5°C before being 

transferred to a -20°C freezer. The specimens were stored at -20°C for one to eighteen 

months and then batched and transported at 5°C (temperature controlled) to CMJAH. 

Upon arrival at CMJAH, the specimens were stored at -20°C. Before processing, the 

specimens were removed from the -20°C freezer and kept at room temperature for 24 

hours, after which the RNAlater was removed. Each biopsy specimen was cut into two 

equal (50%:50%) portions under sterile conditions. One-half of the specimens were 

placed in 10% buffered formalin and batched for transportation to an off-site 

histopathology laboratory for histological processing. The other half was immediately 

placed in a 1.5 ml Eppendorf tube and stored at -80°C for nucleic acid extraction. 

For histological processing, all tissue specimens fixed in formalin (at 6-8°C) were 

washed repeatedly in different levels of ethanol of increasing concentrations from 70% 

to 100%. Xylene was then added to each specimen, followed by paraffin wax at 60°C. 

The tissue specimen was then cooled to allow solidification. The tissue was embedded 

into a cassette, and serial sections were cut at 5 µm, placed on a single glass slide 

and stained with hematoxylin and eosin (H&E). The OSCC tissue specimens were 

sectioned in a Leica microtome cryostat using optimal cutting temperature compound 

(OCT compound) to embed the tissue samples. Four sections of 10 µm each were 

mounted onto a single glass slide and stained with H&E. 

All tissue sections were then examined microscopically by two experienced 

histopathologists. The tissue sections were evaluated for the following parameters: 
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tissue type, tumour percentage, necrosis, inflammation, ulceration and the presence 

or absence of overlying surface epithelial dysplasia. The percentage of surface 

epithelial dysplasia was quantified. The tumour was assessed for the degree of 

differentiation and the presence or absence of lymphovascular invasion. A consensus 

assessment was rendered for each case. 

All biopsy specimens from both sites were stored in an upright position. All refrigeration 

equipment at the CMJAH site was monitored daily with an alarm-linked notification 

system. Back-up refrigeration equipment was available if primary refrigeration 

equipment failure occurred. At GH, there was no alarm system or back-up refrigeration 

equipment, but the refrigeration equipment was connected to a back-up generator and 

uninterrupted power supply device. 

 

Tissue DNA and RNA isolation 

Tissue DNA (tsDNA) and tissue RNA (tsRNA) were extracted from a subset of tissue 

specimens with substantial tumour content. All tissue specimens were extracted using 

the Qiagen AllPrep® Universal kit (Qiagen, USA) according to the manufacturer’s 

protocol. This kit was chosen for its ability to extract high-quality nucleic acids, which 

are needed for molecular applications such as NGS. All remaining tissue biopsies were 

used for tsDNA and tsRNA extraction. Tissue from each specimen was added to 350 

µl Qiagen buffer RLT (Qiagen, USA) and lysed at 30 mHz for 45 seconds using 

TissueLyser II (Qiagen®). The lysate was pipetted onto an AllPrep® DNA spin column 

(Qiagen, USA) for tsDNA binding. The column was centrifuged at 8000 x RCF for 1 

minute to collect the flow-through tsRNA in the collection tube. Since RNA is more 

sensitive to degradation, tsRNA was extracted before tsDNA. RNA flow-through was 

transferred to an RNeasy spin column. Both nucleic acid specimens were extracted 

according to the Qiagen Allprep DNA/RNA/miRNA Universal kit (Qiagen, USA). The 

tsDNA was eluted in 35 µl of elution buffer, and the tsRNA was eluted in 60 µl of buffer. 
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Assessment of tsDNA and tsRNA quality 

Nucleic acid quantity and quality were assessed with a Qubit (Thermo Scientific, USA), 

2100 Bioanalyzer (Agilent Technologies, USA) and NanodropTM 1000 (Thermo 

Scientific, USA) spectrophotometer. Qubit was used to determine DNA and RNA 

concentrations. A Nanodrop 1000 was used to determine the absorbance ratios at 260 

nm and 280 nm. A 260/280 ratio of >1.8 for DNA and >2 for RNA was used to indicate 

good purity. An Agilent 2100 BioAnalyzer was used to determine RNA quality. RNA 

was extracted from a total of 49 biopsies that were prioritised as having substantial 

proportions of tumour or dysplasia content. RNA quality was measured using the 

LabChip GX RNA Assay (Perkin Elmer, USA) according to the manufacturer’s 

instructions using the RNA integrity number equivalent (RINe) score, which has a scale 

of 1-10, with 10 being the highest quality (Matsubara et al., 2020). tsRNA and tsDNA 

samples were stored at -80°C. 

 

Whole-Exome Sequencing 

Exome sequencing of tumour DNA with matched germline DNA was performed on 

samples from six OSCC patients. A total amount of 500 ng of DNA from each sample 

was used as the starting material. DNA was fragmented using the Covaris shearing 

system (Covaris, USA). Fragments that were generated ranged between 180-280 bp. 

Exonucleases removed the 5’ and 3’ ends to ensure that each fragment had a blunt 

end. DNA was end-repaired after adenylation of the 3’ ends. Adapter molecules were 

ligated to both ends to ensure that DNA fragments were enriched in a PCR. The exonic 

region of each sample was captured, enriched for PCR and indexed to prepare for 

hybridisation using SureSelect Human All Exon V6 (Agilent Technologies, CA, USA). 

NGS of the library was performed on an Illumina HiSeq 2500 sequencer (Novogene, 

UK). The quality of the sequence data was assessed by calculation of the % of usable 

reads and the Phred Q score. A sequenced fragment is considered “usable” if it maps 

uniquely to the genome and remains after removing PCR duplicates. The Phred Q 

score is the quality score of a base, which is an integer value representing the 

estimated probability of an error. If P is the error probability, then P = 10-Q/10 and Q = 

-10 log10 (P). 
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Personnel resources 

Gray’s Hospital, KwaZulu-Natal: Patients consented, and biopsies were collected and 

stored by one of the authors (LF) or one of two additional endoscopists (see 

Acknowledgements). Biopsies for research were collected at the same time as 

diagnostic biopsies and placed in RNAlater in the endoscopy suite. Samples were then 

placed in a refrigerator overnight and in a -20°C freezer the next morning by LF. 

Thereafter, the specimens were transported in batches to the laboratory in Gauteng. 

CMJAH, Gauteng: Patients consented to one research nurse, and biopsies were 

collected by one of three endoscopists (see Acknowledgements). Samples were 

processed for histology and DNA/RNA extraction and subjected to QC by a medical 

laboratory scientist (MM). Slides were assessed for tissue morphology and tumour 

content by two consultant histopathologists (RW and CAW). 

 

Statistical analysis 

The Kruskal‒Wallis nonparametric test was used to assess differences in tsDNA and 

tsRNA quality (A260/280) between study sites and between tissue storage media 

(RNAlater vs. liquid nitrogen). Spearman’s rank-sum test was used to assess whether 

there was any correlation between the number of days of sample storage and the 

quality of the tsDNA and tsRNA. The Mann‒Whitney U test was used to assess 

differences in RNA quality scores by the sample storage method. 

 

Results 

A total of 142 patients were recruited into the study from the two study sites. 

Histological examination was performed on tissue samples from all patients, and 

nucleic acids (DNA and RNA) were extracted from a total of 49 samples with 

substantial tumour or dysplastic tissue content as part of our ongoing study on the 

genomic analysis of African oesophageal cancer. The total number of biopsies 

collected at each site with the storage method and histology profile is shown in Table 

3- 1. Important differences between protocols followed at the two different sites 

included storage time, temperature and storage medium. Samples at the GH were 

stored for long periods (several months) in RNAlater before downstream processing, 
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while biopsies collected at the CMJAH were stored for shorter periods (minutes to 

hours) in liquid nitrogen before downstream processing. 

 

Table 3- 1: Number of Biopsies Collected at Each Site with Histology Profile, Nucleic 

Acid Yield, and Quality for Tissue DNA and Tissue RNA Isolated from Tissue 

Specimens 

Description CMJAH-JHB GH-KZN 

Number of biopsies collected at each site 50 92 

Stored as frozen section 26 0 

Stored in RNAlater 24 92 

Squamous Cell Carcinoma 16 (32%) 60 (63%) 

Dysplasia 25 (50%) 18 (19%) 

Dysplasia and Squamous Cell Carcinoma 1 (2%) 5 (5%) 

Other 8 (16%) 9 (13%) 

Number of biopsies that were used for nucleic acid 

extraction 

37 12 

Tissue size (cm) 0.3 – 0.5 0.5 – 1 

Mean tsDNA yield (ug) 4.5 µg 9.2 µg 

Mean A260/280 tsDNA (std.dev) 1.91 (0.13) 1.96 (0.11) 

Mean tsRNA yield (ug) 5.7 µg 11.5 µg 

Mean A260/280 tsRNA (std.dev) 2.02 (0.09) 2.03 (0.04) 

Mean tissue storage time (days) (std.dev) 92.8 (64.2) 650 (84.4) 

 

Histological analysis of the tumour content of all biopsy samples was obtained and 

evaluated as described in the Methods. The quality of cellular morphology from all 142 

OSCC specimens from CMJAH and GH and both the frozen section and RNAlater 

protocols was sufficient to allow assessment of all the required parameters, including 

tissue type, tumour percentage and the percentage of surface epithelial dysplasia. As 

shown in Table 3- 1, the GH protocol (RNAlater) produced a higher percentage of 

samples with histology positive for squamous cell carcinoma compared to the protocol 

followed at CMJAH (Frozen section/Liquid nitrogen). A substantial proportion of the 

research biopsy samples from CMJAH (50%) were assessed as dysplasia rather than 

invasive carcinoma, although all patients had a clinical diagnosis of OSCC. 

Representative photomicrographs of biopsy tissues from both centres are shown in 
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Figure 3- 2. The panels on the left half of the image (A, C, E, G) show a squamous cell 

carcinoma from a frozen section tissue biopsy, while the panels on the right half (B, D, 

F, H) show, at the same set of magnifications, a squamous cell carcinoma that was 

placed in RNAlater. Extensive freeze artefact is apparent in the images on the left 

panel, which restrict areas suitable for histopathological assessment. Freeze artefacts 

with distortion of cellular detail are best shown in image E (3 thin arrows). Freeze 

artefacts cause blurring of the epithelial/stromal interface, making assessment of 

invasion difficult. Additionally, there is no clarity of nuclear detail, which is critical for a 

definitive diagnosis of malignancy, and identification of mitoses is problematic. The 

panels on the right show islands of tumour cells with clear cellular morphology and 

well-formed keratin pearls (2 thin arrows in H). 
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Figure 3- 2: Composite photomicrograph of esophageal invasive squamous cell 
carcinomas (part of figure legend at increasing magnifications. Panels (A, C, E, G) 
squamous cell carcinoma from a frozen section tissue biopsy; Panels (B, D, F, H) 
squamous cell carcinoma placed in RNAlater. Extensive freeze artefacts noted in (A, C, 
E, G) with freeze artefacts and distortion of cellular detail best shown in image E (three 
thin arrows). Panels (B, D, F, H) show islands of tumour cells with clear cellular 
morphology and well-formed keratin pearls (two thin arrows in H). Original 
magnification: A and B: 40×, C and D: 100×, E and F: 200×, G and H: 400.)  

Table 3- 1 shows the yield (amount) and quality of the genetic material obtained from 

samples from the two centres. The yield of nucleic acids obtained from the GH samples 
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was more than twice that of the CMJAH samples. This is likely due to the size of the 

biopsies obtained from GH, approximately twice the size of biopsies obtained from the 

CMJAH. There were no statistically significant differences between the quality 

(A260/280) of tsDNA (p=0.072) and tsRNA (p=0.625) from the two study sites. The 

tsDNA from both sites was of good quality, with mean A260/280 ratios of 1.91 and 1.96 

for CMJAH and GH, respectively, and mean A260/280 ratios of 2.02 and 2.03 for 

tsRNA. The mean RINe scores for RNA samples for both protocols were over eight 

and were not significantly different, with 43 of 49 (88%) samples meeting the generally 

accepted metric (>7) required to produce high-quality RNA sequencing libraries.22 An 

example of the gel electrophoresis of the tsDNA samples is shown in Figure 3- 3. High 

molecular weight tsDNA was obtained from all samples from both study sites. 
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Figure 3- 3: DNA samples extracted from tumour tissues on a 1% agarose gel 

 

DNA extracted from a subset of six tissue samples and their paired germline DNA was 

submitted for whole-exome sequencing to determine whether the samples were of 

sufficient quality for genomic studies. The QC analysis of the sequence data is shown 

in Table 3- 2. The average number of usable sequence reads across the six tissue 

samples was 97.4%. The average proportion of bases called with a Phred score of ≥ 

30, which indicates a 99.9% probability that the base was called correctly, was 92.6%. 

These metrics indicate good quality next-generation sequence data (Ewing and Green, 

1998; Ewing et al., 1998), which were similar between samples sequenced from both 

sites. Furthermore, the quality of the sequence data from the tissue samples was very 

similar to that of DNA extracted from paired blood samples (data not shown). 

  



43 

Table 3- 2: Quality Control Statistics for DNA Exome Sequencing Data from the Tissue 
DNA Samples 

Sample Centre Raw reads Usable reads (%) Q30 score (%) 

180 Blood GH - KZN 25 203 721 97.12 93.12 

180 tsDNA 28 178 349 98.29 92.54 

182 Blood 36 860 022 96.65 92.73 

182 tsDNA 33 810 584 97.15 92.62 

186 Blood 29 055 883 97.50 91.84 

186 tsDNA 32 985 596 97.79 92.63 

41 Blood CMJAH - JHB 13 965 249 97.74 93.00 

41 tsDNA 37 575 723 96.89 92.34 

48 Blood 20 282 587 95.33 91.66 

48 tsDNA 31 801 242 96.91 92.44 

38 Blood 40 151 807 93.92 93.12 

38 tsDNA 37 587 499 97.26 92.89 

 

The personnel required to execute the two protocols are described in the Methods. 

The additional effort required over and above that needed for a standard diagnostic 

workflow is taking additional biopsies at the same time as the diagnostic biopsies 

(endoscopist), then either freezing the research biopsy in liquid nitrogen and storing it 

at -80°C or placing it in RNAlater. The freezing protocol requires a trained laboratory 

assistant. Preparation and analysis of slides is required for both protocols and is done 

by histopathologists. DNA and RNA were extracted from the tissue samples by a 

laboratory scientist. An estimate of the costs of reagents, personnel and equipment for 

the two protocols in our two institutions is shown in Table 3- 3. This shows that the 

running costs per sample are very similar for the two protocols. However, the frozen 

section protocol requires a substantial initial investment for equipment. The methods 

for extraction of DNA/RNA and subsequent QC of the extracted nucleic acids are 

identical for the two protocols. 
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Table 3- 3: Cost per sample breakdown for the two protocols 

 CMAHJ - JHB GH - KZN 

Running cost Frozen section RNALater 

Consumables per sample: 
(RNALater, cryovials for GH; 
Liquid nitrogen, cryovials for 
CMJAH) 

USD 1.69 USD 3.51 

Histology costs per sample USD 27.50 USD 27.50 

Reagents for DNA/RNA 

extraction 

USD 16.50 USD 16.50 

Staff time for sample 

processing and extraction 

USD 18.00 USD 18.00 

Total running cost per 

sample 
USD 63.69 USD 65.51 

   

Fixed costs for equipment   

Liquid nitrogen 21 L storage 

tank 

USD 1 515.47  

Liquid nitrogen flask (Dewar) USD 283.17  

-80C Ultra low temperature 

freezer 

USD 5789.12  

Cryo gloves (1 pair for long 

term usage) 

USD 806.53  

-20C Chest Freezer  USD 174.66 

Total fixed costs USD 6 245.50 USD 174.66 

   

Sample shipment   

Dry ice shipment (100 

samples) 

 USD 365.07 

 

Exchange rate of 1 USD = 13.7400 ZAR was used. Notes: Sample shipment when relevant is 

estimated at USD 365 per batch of 100 samples. 

 

Discussion 

This study was undertaken to ascertain whether genomic research could be carried 

out successfully in centres and study sites with significant resource constraints. In our 

study, one of the centres had no on-site genetic laboratory or staff and no on-site 

histopathology service and relied on a refrigerator/freezer, a supply of RNAlater, 

specimen collection tubes and clinical staff to collect and store specimens. Despite 

these limitations, substantial proportions of tumour tissue could be identified in the 

majority of specimens on histological assessment, and genetic material (both DNA and 

RNA) could be extracted with acceptable quality and quantity, with the DNA being used 

successfully for NGS. 
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The first important consideration when performing genomic studies on tumour tissue 

is ensuring that tissue samples taken are representative of the tumour. 

Histopathological confirmation of tumour content in biopsy specimens is an essential 

step in successful biobanking (Basik et al., 2013). Since wide disparity in tumour 

content may occur between biopsies, each specimen should be evaluated by a 

pathologist to confirm the presence of a substantial fraction of tumour tissue prior to 

using samples for costly genomic research (Basik et al., 2013). This is further illustrated 

by our study, where tumour content varied from 15% - 100% between different 

samples. One of our initial concerns was that biopsies stored in RNAlater for long 

periods (>12 months) would lose the integrity of the tissue and thus their morphology 

and would not be suitable for histological analysis. However, histology results were 

obtained successfully from all 142 OSCC specimens from CMJAH (high resource) and 

GH (low-resource), indicating that oesophageal biopsies stored for up to 18 months 

did not affect the integrity of the biopsies, so they could still be used for histological 

assessment. A previous study showed that storing tissue biopsies in RNAlater or OCT 

compound for 24 hours did not compromise histological, immunochemical and 

genomic qualities (Florell et al., 2001). However, another study reported that 45% of 

RNAlater samples had poor nuclear morphology preservation, rendering pathological 

evaluation challenging (Aguilar-Mahecha et al., 2017). The protocol followed for 

samples collected at GH, where specimens were immersed in RNAlater and kept at 

room temperature for several hours, then at 5°C overnight before being stored at -

20°C, still in RNAlater, may offer improved protection of tissue morphology (Ellis et al., 

2002; Basik et al., 2013). Another important consideration when using RNAlater for 

storage is the size of the biopsy specimen since RNAlater has been shown to interfere 

with histological assessment in smaller samples (Basik et al., 2013; Aguilar-Mahecha 

et al., 2017). 

A major difference between the two centres was the method of specimen storage, with 

liquid nitrogen being preferred at CMJAH, while RNAlater was used exclusively at GH. 

In our experience, the logistics used for storing and extracting nucleic acid from liquid 

nitrogen was more challenging compared to RNAlater. Liquid nitrogen must be 

available at the biopsy site, careful handling is needed to prevent injury to research 

staff, and a long term liquid nitrogen storage facility must be available to maintain 

frozen sections. Somewhat surprisingly, we found that the quality of the nuclear 

morphology was superior in the RNAlater samples compared to the samples prepared 

in liquid nitrogen. The use of liquid nitrogen can make histological assessment more 
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difficult since specimens are fragile and more difficult to section (Diaz et al., 2013). In 

our study, we found that certain samples had freezing artefacts, which can lead to an 

inconclusive interpretation (Chatterjee, 2014). RNAlater is also easier to use within a 

busy clinical environment and a low-resource setting where clinicians would not always 

have immediate access to refrigerators or freezers. There was a difference in the 

percentage tumour content between the two centres. As shown in Table 3- 1, 

specimens from GH had a substantially higher rate of squamous cell carcinoma-

positive cases (63%) compared to patients from CMJAH (32%). The reason for the 

higher tumour content from GH samples may be related to the biopsy size, since 

samples from GH were larger than those from CMJAH despite the same size forceps 

being used at both centres (Table 3- 1). Another possible reason may be the 

experience of the endoscopist performing the biopsy. At GH, the biopsies were 

collected either by the primary investigator or by one of two other endoscopists, all of 

whom had several years of endoscopy experience. In contrast, at CMJAH, biopsies 

were collected by several different clinicians and, in most instances, by trainee 

surgeons with less experience, who might have been less effective in deep sampling 

of the core of the tumour. 

 

QC of DNA and RNA samples extracted from tumour tissue showed similar A260/280 

ratios between the two centres, while the mean yield of DNA and RNA extracted from 

GH cases was approximately twice as high as the yields obtained from CMJAH cases. 

This could also be explained by the fact that biopsies from GH were larger (0.5-1 cm 

for KZN compared to 0.3-0.5 cm for CMJAH). As mentioned previously, this is most 

likely because the majority of biopsies were taken by a single very experienced 

endoscopist at GH (LF) in contrast to less experienced endoscopists at CMJAH. 

However, the quality and quantity of DNA and RNA from both sites were adequate for 

genomic studies such as NGS. There was a marked difference in the storage time of 

the tissue from the two different sites (Table 3- 1), which was necessary since samples 

at GH were batched for shipment to CMJAH. Our study demonstrates that despite a 

storage time of several months, the quality of genetic material is not compromised. 

This is an important consideration in centres without on-site laboratories such as GH. 

The absence of these facilities does not, therefore, preclude genomic research. The 

quality scores from the exome sequencing data are an indication that DNA extracted 
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from tissue samples at both sites generated high-quality sequences whether biopsies 

were stored in RNAlater or liquid nitrogen. 

 

The personnel resources required for the two protocols are very similar except that a 

trained laboratory assistant is required for freezing samples in liquid nitrogen, whereas 

the biopsies can be placed in tubes containing RNAlater by the endoscopist. 

Additionally, although the use of liquid nitrogen has a slightly lower consumable cost 

than RNAlater, it requires a substantial initial investment for equipment. The only 

equipment required for storage in RNAlater by GH was a -20°C freezer; thus, the 

RNAlater protocol has a significant advantage in settings where there is a lack of any 

existing storage facilities. This is particularly common in resource-constrained settings. 

However, these estimates come with the caveat that they are based on our institutions 

and may vary considerably in other settings. 
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Figure 3- 4: Recommended operational workflow for tissue collection in a low-resource 
setting 

 

In conclusion, our results indicate that it is possible to produce good quality samples 

for genomic research in an environment lacking on-site laboratory facilities geared 

towards this type of research without compromising important preanalytical variables 

that may influence results. The use of RNAlater, the availability of a standard 
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refrigerator and -20°C freezer as well as collaboration with a centre with the appropriate 

laboratory facilities and staff are essential. A recommended workflow for tissue 

biobanking in centres with limited resources is shown in Figure 3- 4. We suggest that 

this workflow is both practical and cost effective and thus feasible for use in resource-

constrained settings. It may also be applicable to other types of tissues and tumours, 

subject to the outcome of the kind of QC assessments outlined in this study. 
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Chapter 4: The Methylome of South African Esophageal 

Squamous Cell Carcinoma (Manuscript 2) 

 

4.1 Abstract 

Esophageal squamous cell carcinoma (ESCC) is common in Southern and Eastern 

Africa with a high mortality, yet little is known about the contribution of genetic factors 

to this  disease. Epigenetic mechanisms such as DNA methylation have been shown 

to contribute to ESCC carcinogenesis in Asian populations, but only one study has 

carried out a methylome study in African populations. The most recently developed 

methylation targeted assay, the Illumina TruSeq Methyl Capture EPIC library prep 

(TruSeq EPIC), leverages the power of  targeted bisulfite sequencing, builds on the 

foundation of the Infinium MethylationEPIC BeadChip Microarray (850k EPIC Array) 

and targets 3.3 million CpG sites. We performed a methylome study using the TruSeq 

EPIC assay and matched transcriptome analysis on 11 tumour normal pairs derived 

from Black South African ESCC patients. We identified three critical gene promoters 

(CDC42EP3, TNC and KRT13) and 1 enhancer (COL6A3) that exhibited significant 

differential methylation and a significant inverse relationship with gene expression. All 

of these transcriptional regulatory elements function in the extracellular matrix (ECM), 

suggesting that the ECM through influencing the tumour microenvironment may 

promotes ESCC tumourigenesis. 

4.2 Introduction 

Esophageal squamous cell carcinoma (ESCC) is the seventh-prevailing tumour 

globally (Huang et al, 2021), particularly within sub-Saharan African  countries together 

with South American endemic pockets and the ‘Asian Esophageal Cancer Belt’ 

(Northern Iran, China, Japan and Central Asia) (Reed and Johnston, 1993). Recent 

reviews concerning ESCC prevalence within South Africa (SA) highlighted its 

accountability for the second-peaking highest cancer-related mortality rate 

(46.7/100,000 mortalities and 19.2/100,000 mortalities for males and females, 

respectively) (Loots et al, 2017). 
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ESCC etiology remains unclear, and risk factors are thought to differ geographically. 

Most ESCC patients in SA present at a late-stage , with a median survival of 120 days 

(Bergquist et al, 2005). Such poor prognoses underscore the need to identify early 

stage diagnostic biomarkers to improve timely intervention and therapeutic strategies. 

Several studies have investigated ESCC methylation status across selected genomic 

regions, whereby key methylation-sensitive genes were found to be linked with cell 

cycle signalling, cell proliferation, apoptosis, DNA damage repair, and the WNT, TP53, 

TGF-β pathways and cell part morphogenesis (Cao et al, 2020; Gao et al, 2014; Guo 

et al, 2016; Huang et al, 2017, p. 1; Jiang et al, 2018, p. 132; Jin et al, 2007; Kishino 

et al, 2016; Kuroki et al, 2003; Lee et al, 2008; Lima et al, 2011; Lu et al, 2019; Peng 

et al, 2016; Saito et al, 2014; Talukdar et al, 2021; Wu et al, 2014; Xi et al 2022; Yun 

et al, 2015; Y Zheng et al, 2011). The 450k array and 850k array (Illumina™), which 

target 450 000 and 850 000 CpG sites, respectively, expanded the scope of 

methylation investigational studies . Two recent ESCC studies employing Infinium 

Human Methylation 450K and 850K BeadChip® (Illumina™) integrated methylome 

data with transcriptomic data through TCGA. Talukdar et al. identified three genes, 

PAX9, SIM2, and THSD4, demonstrating a significant inverse correlation between 

gene  expression and DNA methylation. The authors concluded that such 

oncogenomic dysregulations are common events regulated by aberrant DNA 

methylation (Talukdar et al, 2021). Zheng et al. identified two molecular subtypes 

associated with immune-related pathways, the tumour microenvironment and 

prognosis (Zheng et al, 2022). Recently, the TruSeq Methyl Capture EPIC sequencing 

assay (Illumina™) was launched, probing > 3.3 million CpGs, with increased sensitivity 

(Lin et al, 2021) and a wider dynamic range when quantifying hypo/hypermethylated 

regions (Lin et al, 2021). Furthermore, an expanded probe range targets additional 

regulatory regions on this novel platform, allowing increased coverage of enhancers, 

DNAse hypersensitive sites and transcription factor binding sites, increasing the 

discovery potential for this assay. 

This study employed the latest TruSeq Methyl Capture EPIC® (Illumina™) assay for 

probing DMRs within ESCC tumour/matched normal tissue (Figure 4- 1). 
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Figure 4- 1: First genome-wide methylation study on 3.3 million CpG targets with 
matched transcriptome data in South African ESCC patients 

 

4.3 Methods 

4.3.1 Specimen Collection, Methods and Study Design 

The International Agency for Research on Cancer (IARC) protocol was used as a 

guideline to collect and process ESCCs’ patient biospecimens (Mendy et al, 2017). 

Our  detailed protocol for sample collection, storage, histology and nucleic acid 

extraction is described in Ferndale-Moodley (Ferndale et al, 2021b). In brief, patients 

with a provisional diagnosis of ESCC were referred for endoscopy at CMJAH. We 

recruited  a total of 50 suspected ESCC cases of which 17/50 patients (34%) were 

positive for ESCC, 25 cases (50%) had dysplasia and the remaining 13 (16%) of cases 

were negative. Ethics clearance was obtained from the Human Research Ethics 

Committee (Medical) at the University of the Witwatersrand (Wits) (M170871) in line 

with the Helsinki declaration (2013). Samples with ≥60% tumour content and matched 

adjacent normal tissue (0% tumour) were the primary criteria for inclusion. The majority 

(58%) of patients in our cohort had 100% tumour content. For this study, twelve 

samples were chosen in accordance with the above criteria and also accounting for 

budget limitations. One sample was later excluded due to poor quality sequencing 

data. Therefore, a total of 11 paired tumour and normal samples were sequenced for 

the analysis of the methylome and transcriptome. Patient characteristics are shown in 

Table 4- 1. All patients were of African ethnicity, and all samples had confirmed 

squamous cell lesions. Photomicrographs of histology results can be found in 

Ferndale-Moodley et al. (Ferndale et al, 2021b). The mean age of the patients was 

60.81 years (ranging from 38 to 78), and the cases included seven females and four 
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males. Three patients consumed both tobacco and alcohol, one patient had a smoking 

history, and the other seven had no exposure to known ESCC risk factors. 
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Table 4- 1: Patient characteristics of specimens processed in this study 

Sample  

number 

Age Gender Tumour grade Tumour % Current smoker  Current alcohol consumption Current fuel used for cooking 

2 69 Female Invasive Carcinoma 100 Never  Never Wood 

3 65 Female Invasive Carcinoma 100 Never  Never Wood 

4 78 Male Invasive Carcinoma 100 Never  Never Wood 

5 56 Male Invasive Carcinoma 100 Never  Never Electricity 

6 67 Male Invasive Carcinoma 75 Smoked for 3 years  Never Paraffin 

7 53 Female Keratinising Carcinoma 80 Never  Never Electricity. Wood in the past 

8 55 Female Keratinising Carcinoma 60 Yes. 7 per day  750 ml twice per week Electricity 

9 66 Female Keratinising Carcinoma 100 Never  Never Wood 

10 49 Male Free lying 

Squamous 

100 Yes. 5 per day  1 litre twice per week Wood 

11 38 Female Keratinising Carcinoma 90 Yes. 60 per day  18 litres per week Wood 

12 73 Female Keratinising Carcinoma 90 Never  Never Electricity 
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4.3.2 Sample Processing Using the Truseq Methyl EPIC Assay 

Library enrichment for methylome profiling was performed using the Illumina TruSeq 

Methyl Capture EPIC library kit (Illumina©). The TruSeq assay builds on the 850k bead 

array (Illumina©) and includes additional regions of known methylation sites of interest. 

This assay uses the power of NGS to perform targeted bisulfite sequencing 

simultaneously at multiple points in the genome. The 3.34 million CpGs targeted by this 

assay include 3ʹUTR regions, Transcription Start Site 200, Transcription Start Site 1500, 

promoters, 5’UTR regions, gene exons, introns and intergenic regions (“TruSeq Methyl 

Capture EPIC Library Prep Kit Documentation,” n.d.). The Illumina EPIC Truseq protocol 

was followed according to the manufacturer’s instructions without any modifications. In 

brief, 500 ng DNA was sonicated with the Covaris E220 sonicator (Covaris, Woburn, MA) 

to obtain >60% fragments between 100–300 bp in length as per the manufacturer’s 

protocol specifications. Product sizes were checked on the Labchip© instrument (Perkin 

Elmer®). DNA fragments were hybridised to EPIC oligos, captured with streptavidin 

beads and washed twice to remove nonspecific binding. Hybridised products were 

subjected to bisulfite conversion and PCR amplification for 11 cycles using Kapa HiFi 

HotStart Uracil and DNA polymerase (Kapa Biosystems). Libraries were clustered on a 

dual flow cell using TruSeq Paired-End (PE) cluster (v3) for 100 cycles (2x150 PE) on an 

Illumina HiSeq 2500 sequencer (Illumina®). 

4.3.3 Quality Control 

QC of all sequencing reads (methylome and transcriptome) was performed using FastQC 

version 0.11.8 (Andrews, 2010). Adapters and bases with a Phred quality score below 30 

were removed using Trim Galore! version 0.4.1 (Krueger, 2019). Reads were then aligned 

to the human reference genome (hg38). The methylation status of all cytosines (for every 

uniquely mappable read) was called with the cytosine2coverage and 

_methylation_extractor packages (Bismark v0.20.0). Spike-in control sequences were 

used to check the bisulfite conversion rates and validate the efficiency of the bisulfite 

treatment. The percentage of methylation at each CpG site was computed for each 

sample. Only CpGs with a coverage > 10X in all paired samples were included, and reads 
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with extremely high coverage (>99.9th percentile) were discarded due to possible PCR 

bias(Akalin et al, 2012). All downstream analyses were performed in the R/Bioconductor 

environment. 

4.3.4 Differential Methylation Analysis 

Methylkit is an R-based software package that is the preferred tool among other 

methylome software packages for DMR detection under several parameters, such as 

different methylation percentages, sequencing coverage, depth of sequencing, length 

(bp) of DMRs and sample sizes, (Wreczycka et al, 2017) and thus, was chosen for this 

study (MethylKit v1.7.05). 

Methylkit 

Methylkit uses logistic regression to compare methylation percentages between matched 

tumour and normal tissues at given CpG regions. The results are tested against the null 

hypothesis (no differences in methylation between our two groups). For multiple 

comparisons, testing p values were adjusted to q-values using the sliding window model 

(SLIM) (Akalin et al, 2012). Paired analyses were performed on tumour/normal matched 

samples to identify differentially methylated CpGs (DMCs) and DMRs. DMRs were 

assigned a window of 1000 bp in length with at least two CpGs or more. Statistically 

significant DMCs and DMRs were identified by a q-value cut-off ≤ 0.01 and a methylation 

difference higher than 20% for promoters and 10% for enhancers that needed more 

stringent criterias. All DMCs and DMRs were annotated with the R/Bioconductor package 

annotatr (Yu et al, 2015) using the RefGene and CpG island annotations from the UCSC 

(hg38) website (https://genome.ucsc.edu/cgi-bin/hgGateway). The annotation comprised 

two categories: (1) distance from a gene to a CpG island and (2) regional annotation. 

Regions flanking CpG islands located at a distance of up to 2000 bps are assigned as 

shores; regions beyond 2000 bps  are referred to as shelves, and open-sea are other 

regions further away. For gene region annotation, DMCs and DMRs were classified into 

three groups, namely, overlapping, exons, introns and intergenic regions. Using the 

above criteria, genomic plots were generated using the ‘ChIPseeker’ R package (Yu et 

al, 2015), which allowed visualisation of the above genomic annotations. To identify 
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significant differential methylation in promoters, MethylKit was used to segment the 

methylome into distinct categories of high and low methylation regions based on change-

point analysis. In brief, change points are recorded, and the genome is partitioned into 

regions between consecutive change points using ≥2 CpGs with significant changes (q-

value ≤ 0.01) in low or high methylation(Akalin et al, 2012). These so-called “segment 

DMRs” were then annotated to specific promoter regions for further analysis. We also 

investigated segments that overlapped with enhancers according to predefined 

annotations (“enhancer DMRs”). Enhancer coordinates were downloaded from the 

Functional AnnoTation Of the Mammalian genome (FANTOM) database (hg38 

assembly). To plot DMRs in enhancer regions, we used the plot DMRs function of the 

‘dmrseq’ R package (Korthauer et al, 2019), which transforms the output file obtained with 

MethylKit software into a BSseq object that provides methylation and coverage 

information for all the samples and their corresponding sample IDs. 

4.3.5 RNA Sequencing 

RNA sequencing and transcript normalisation 

Samples (2-12) were sequenced on the Illumina HiSeq 2500. RNA was extracted from 

patient tissue with the AllPrep assay (Qiagen®). RNA integrity number (RIN) was 

calculated using the Agilent 2100 BioAnalyzer (Agilent Technologies, Santa Clara, CA, 

USA). Samples with a RIN value ≥8 were included for mRNA sequencing. Library 

preparation was performed with the TruSeq Stranded mRNA assay according to the 

manufacturer’s guidelines. Briefly, 1 µg RNA was purified with poly-DT magnetic beads 

to capture mRNA and fragmented. RNA was reverse transcribed into cDNA using 

Superscript VI® (Thermo Fisher). Second strand cDNA was generated to ensure strand 

specificity by substituting dTTP with dUTP. Double-stranded cDNA was processed for 

end repair, A-tailing, adaptor ligation and library enrichment. The quality and quantity of 

libraries were analysed with a Labchip GX® analyser (Perkin Elmer) and Qubit® assay 

(Thermo Fisher). RNA libraries were sequenced on the 125 bp paired-end runs on the 

Illumina HiSeq2500 platform. Reads from transcriptome data were demultiplexed before 

analysis. 
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After initial QC with FastQC, transcripts were mapped to the reference genome (hg38) 

and quantified using the software package Hisat2 (Kim et al, 2019). Count data for all 

samples were combined and normalised with EdgeR (Robinson et al, 2010) (version 4.1). 

The strategy used for differential analysis between tumour/normal samples was to first 

obtain differential expression on transcripts and then aggregate transcript-level p values 

to obtain gene-level p values (Yi et al, 2018). Recently, this approach has been shown to 

increase sensitivity and accuracy in identifying differentially expressed genes (DEGs) 

(Mehmood et al, 2021; Yi et al, 2018). To account for individual effects, we used a linear 

regression with the tissue type (normal or tumour) as the main variable and the patient 

identification as the covariate. Genes with a fold change ≥2 (up and down) and FDR-

adjusted p value ≤ 0.05 were considered significant. 

4.3.6 Pathway Analysis 

Pathway analysis was carried out on hypermethylated and hypomethylated promoters 

and enhancers using Gene Set Enrichment Analysis (GSEA) (Subramanian et al, 2005) 

software through the Kyoto Encyclopedia of Genes and Genomes (KEGG), Reactome 

and Gene Ontology (Biological Processes – BP) databases. GSEA was also used for 

pathway analysis of the DEG data. Reactome pathway analysis (‘ReactomePA)’  (Yu and 

He, 2016), an R package, was used for the visualisation of enriched pathways with gene 

set concept network plots. 

 

DMRs in promoters and enhancers with a 20% difference in methylation and q-value ≤ 

0.01 were correlated with RNA expression if the same gene had an inverse correlation 

with an expression level that exhibited a 2-fold log change with an FDR ≤ 0.05 using the 

Intersect function, which is built in R studio (Chan, 2018). Circos plots comprising 

transcriptome and methylome data were rendered using the ‘circlise’ package. 

An overview of the bioinformatics approach used in this study is shown in Figure 4- 6. 
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Figure 4- 2: Overview of the bioinformatics approach used for this study 

 

4.4 Results 

4.4.1 CpG Differential Methylation across the tumour genome 

Figure 4- 2 shows the percentage of hypo and hypermethylated cytosines, highlighting a 

predominance of hypomethylated CpGs (67%) in tumour samples compared to 

hypermethylated CpGs. Paired analysis identified 953,132 DMCs, from which 106,257 

were differentially methylated, with a q-value ≤0.01 and ≥25% difference in methylation 

(Figure 4- 3). Despite the heterogeneity of tumour samples, CpG methylation-based PCA 

could discriminate most tumour samples from their nontumour counterparts (Figure 4- 4), 

with the exception of tumour sample T7, which clustered with most normal samples and 

normal adjacent tissue. Normal sample  N11 clustered closer to tumour samples. 
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Figure 4- 3: Pie chart illustrating hypo (blue) and hypermethylated (red) DMCs in tumour 
vs normal samples 

 

 

 

 

 

 

 

 

 

Figure 4- 4; Volcano plot of DMCs.  Blue represents hypomethylated Cytosines (≥20%) and 
red represents hypermethylated Cytosines (≥20%), with q-values ≤0.01. Among 106,257 
CpGs having ≥20% difference (hypomethylated or hypermethylated) and a q-value ≤0.01, 
67% were hypomethylated while 33% were hypermethylated. Differentially methylated 
CpGs with higher significant q-values are located to the upper-left/-right sides for the plot 
with highly significant changes appearing higher on the plot. Values on the x- and y-axes 
are percent methylation differences and negative log10 for corrected q-values, 
respectively.  
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Figure 4- 5: Illustrations of differential methylation across the genome and PCA analysis 
between our 2 groups. PCA using all DMCs (Normal - green, Tumour – blue). PCA scores 
on the x-axis (PC1) and the y-axis (PC2).  

 

4.4.2 Genome-wide DMR distributions 

Most hypo/hypermethylated CpGs (>50%)   were located in open-sea regions (Figure 4-

6A). Paired segmentation analysis identified 36,264 differentially hypomethylated and 

hypermethylated regions (q-value ≤ 0.01), of which 13,486 spanned annotated genes. 

Most DMRs were located in promoters and intergenic regions (Figure 4- 5B). The 

proportions of hypomethylated DMRs were as follows: promoters (28%), 5’UTR (1.4%), 

3’UTR (3.3%), exons (18%), introns (22.7%) and distal intergenic regions (26.5%). The 

proportions of hypermethylated DMRs were as follows: promoters (40%), 5’UTR (1.2%), 

3’UTR (4.7%), exons (8.5%), introns (30.3%) and distal intergenic regions (14.7%). Since 

most DMRs overlapped with promoters and distal intergenic regions, the study focused 

on differential methylation (tumour/normal) in these regions (Thurman et al, 2012).  
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Figure 4- 6: Distribution of DMRs relative to CpG islands (A) and gene features (B). A, Differential methylation pattern: proportion of 
DMRs (Tumour/Normal) relative to CpG islands across all samples. B, Distribution of Segment DMRs relative to gene features, their 
distance to Transcription Start Sites (TSS) and gene feature context (promoters, 5’ UTR, 3’ UTR, exons and introns. The y-axis shows 
hypomethylated (top-panel) and hypermethylated regions (bottom-panel). The proportion of methylation (percentage) is shown on the 
x – axis. 
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4.4.3 Hypomethylated and hypermethylated pathways across gene promoters 

Interrogation of pathways analysis softwares: BP, KEGG and Reactome, revealed  that 

hypomethylated promoters were enriched in genes involved in cell‒cell adhesion 

mechanisms, adaptive immune response, cyclic AMP (cAMP) signaling pathway, 

hemostasis, embryonic morphogenesis and adaptive defence processes. 

Hypermethylated genes analyzed across identical above repositories and algorithms,  

belonged to myeloid cell activation, innate immune response, chemical synaptic 

signalling, cytokine‒cytokine receptor interaction, G protein-coupled receptors (GPRC) 

pathway, central nervous system (CNS) processes and nervous system development 

pathway (supplementary Figure S 4- 1A-C). Some of these  pathways, including cell‒cell 

adhesion (Li et al, 2017), cytokine‒cytokine receptor interaction (Davies, 2011), innate 

immune system mechanisms  and nervous system processes, were detected in previous 

ESCC studies (Huang and Fu, 2019; Griffin et al., 2020). Within these pathways, specific 

genes previously reported as hypomethylated in in ovarian and bladder cancer  included 

ATG7, HRAS and CALML3 (Zhu et al., 2019). Hypermethylated CNS-linked gene 

promoter included the LHX6 gene promoter. Furthermore, multiple interleukin (IL) gene 

family members (IL6R, IL6ST and IL10RB) were hypermethylated and belong to the 

cytokine‒cytokine receptor interaction pathway. Within the cytokine-cytokine interaction 

pathway the RAP1 and the signalling pathway CDH1 act as a tumour suppressor genes. 

The protein product of CDH1 acts as an adhesion molecule and makes it difficult for 

tumour cells to detatch from the original tumour. In ESCC hypermethylation of CDH1 

results in decreased cell adhesion which stimulates tumour metastasis (Ling et al, 2011). 

4.4.4 Enhancer Methylation Analysis 

FANTOM-based analyses identified 1008 genes overlapping with differentially 

methylated enhancers, of which 51 enhancers were significantly (≥20%) hypermethylated 

and 132 enhancers were significantly (≥20%) hypomethylated within the tumour group 

compared to normal tissue. Since only a few enhancers were significantly differentially 

methylated (n=183), these were insufficient to interrogate the KEGG, GSEA and 

Reactome algorithms. Once the parameters were relaxed to include additional 
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hypo/hypermethylated enhancers, using a 10% methylation shift (instead of 20%) while 

keeping a q-value ≤ 0.01, we identified 239 hypomethylated DMRs in enhancers 

(neighbouring 219 annotated genes) and 195 hypermethylated enhancer DMRs (in the 

vicinity of 182 annotated genes). These could be used for pathway analysis 

(Supplementary Table S 4- 1) as detailed below.   

 

Using the Reactome algorithm, genes found to be associated with hypomethylated 

enhancers regions were mostly related to the degradation of the extracellular matrix 

(ECM) (Supplementary Figure S4- 2A). Six hypomethylated enhancers governing the 

expression of  COL6A3, COL6A2, CACNB2, CTSD, TPSAB1 and TIMP2 genes were 

affected. Other hypomethylated, Reactome-enriched enhancers included RHOB and 

RHOA GTPases, the protein product of which interact with a wide range of targets 

affecting changes in the cytoskeleton (Gutierrez et al, 2019) and cell adhesion (Ridley, 

2015) processes. ECM linked cell migration and adhesion through activation of small 

RhoGTPases, was previously described in OSCC (Ramos et al, 2016). Overall, pathway 

analysis from enhancer data suggests changes to the tumour microenvironment through 

ECM disruption.   

 

Profiling of hypermethylated enhancers using the Reactome analytical algorithm revealed 

changes in ESCC involving the transcription factor AP-2 alpha (TFAP2) and the TGF-

beta (β) complex pathways (Supplementary Figure S4- 2B). The gene promoter of the 

ESR1 gene involved in the TFAP2 pathway was hypermethylated. ESR1-enhancer 

hypermethylation was described in breast cancer studies and  was proposed as a 

mechanism of endocrine resistance in these  malignancies (Bos et al, 2022; Stone et al, 

2015). Although TGF-beta (β) promoter hypermethylation has been previously detected 

in several cancers, including lung (Shah et al, 2008), prostate (Shah et al, 2008), ovarian 

(N Wang et al, 2012) and ESCC (Ma et al, 2020), there were no published reports of TGF-

B enhancer hyper-methylation.  
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4.4.5 Matched Transcriptome Analysis 

Overall, 241 DEGs were identified, with 71 downregulated and 170 upregulated in 

tumours relative to their non-tumour adjacent tissues and consistent across all samples. 

The top-ranking 20 DEGs are depicted in Table 4- 2. 

 

Table 4- 2: Top-ranking 20 DEGs, according to most significant p value (False Discovery 
Rate – FDR)  

Gene logFC* FDR 

FN1 9.7 7.88E-19 

POSTN 9.1 4.23E-16 

COL6A3 8.5 9.64E-09 

LPIN1 -2.7 9.82E-09 

PTHLH 7.7 9.82E-09 

TGFBI 5.9 2.22E-08 

KRT78 -6.9 1.10E-07 

COL11A1 7.7 2.43E-07 

SPINK5 -3.8 1.41E-06 

KRT13 -4.8 3.84E-06 

TMPRSS11B -8 8.71E-06 

PHLDB2 5.2 1.02E-05 

IL32 4.3 1.41E-05 

EMP1 -3.5 2.40E-05 

C1S 4.3 5.71E-05 

MGLL -2.6 6.32E-05 

COL16A1 5.26 6.79E-05 

ECM1 -4.5 1.03E-04 

SGIP1 5.1 1.07E-4 

SPP1 6.6 1.48E-4 

 

Significant changes in gene expression identified eight top genes involved in the ECM 

(Demir et al, 2002; Hamada et al, 2002; Ho et al, 2022; Singh and Schwarzbauer, 2012; 
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Zhang et al, 2012): FN1, POSTN, COL6A3, KRT78, COL11A1, KRT13, COL16A1 and 

ECM1. All genes listed in Table 4- 2 also had a logFC>2, with 12 genes that were 

overexpressed and 8 underexpressed. 

 

Unsurprisingly, ECM was also enriched through GSEA pathway analysis. Several other 

pathways were KEGG-/Reactome-enriched for proteoglycans and actin cytoskeleton. 

Aberrant expression of actin‐related proteins and ECM was previously reported in ESCC 

patients (Palumbo et al, 2020; Zhan et al, 2017). In the present study the ECM pathway 

was enriched in both tumour enhancers and transcriptome data. 

 

4.4.6 Genomic Integration 

Methylome and transcriptome data integration was first studied at the genomic level, with 

Circos representation of DNA methylation (≥20%) and differential expression (≥2-fold) 

locations across differing chromosomes shown in Figure 4- 5. 
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Figure 4- 7: Circos plot illustrating differentially methylated promoters with a methylation 

difference ≥20% and gene expression with an expression difference ≥2-fold between 

tumour and normal samples. From outer to inner circles: the ideogram with hg38 

chromosomal locations having coloured links between heatmaps and corresponding 

locations. The first heatmap track corresponds to gene expression across all normal 

samples (N), while the second heatmap track refers to the gene expression across tumour 

samples (T) with red representing overexpression and blue underexpression relative to 

normal samples The innermost track corresponds to DMRs (q ≤ 0.01) overlapping 

promoters and enhancers. Red dots are hypermethylated (≥20%), and blue dots are 

hypomethylated (≤20%) in tumours.  
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It is well established that cancer cells overexpress more genes than normal cells (Lotem et al, 

2005) and that there is also a general pattern of global hypomethylation in tumour cells compared 

to normal cells (Feinberg and Vogelstein, 1983). The Circos plot also reflects such a pattern for 

mRNA expression and hypomethylation (≥20%) in tumour versus normal samples. Specific 

chromosomes that display contrast between the tumour and normal tissue pattern  include visible 

regions across chromosomes 1, 3, 7, 13, 16, 20 and 22.  

To prioritise candidate genes that may be affected by differential methylation (tumour 

versus matched normal tissue), we selected promoters and enhancers that showed 

significant methylation differences  (tumour/normal) and showed inverse RNA expression 

of their corresponding genes. We referred to these as “Hypo-up” (undermethylated/ 

increased gene expression) and Hyper-down (hypermethylated/ decreased gene 

expression). Analysing the fraction of transcriptional changes specific to ESCC 

associated with DNA methylation dysregulation, 322 Hypo-up promoters and 163 Hyper-

down promoters were identified, together with 192 Hypo-up enhancers and 71 Hyper-

down enhancers (Supplementary Table S 4- 3). These data also demonstrated that 

methylome and transcriptome changes in ESCC are spread throughout most 

chromosomal locations. 

4.4.7 Pathway analysis after integrating differentially methylated promoters and 

enhancers with matched transcriptome data 

GSEA-derived gene lists uploaded within the Reactome database showed that receptor 

tyrosine kinases, nervous system development and hemostasis pathways were enriched 

across both transcriptome and promoter methylation data. After  integrating methylation 

with RNA expression, four genes were hypo-upregulated (PIK3R5, TUBB6, PLXNA4, 

PRKCZ), and two were hyper-down regulated (RGMA, ESRP2). The phosphatidylinositol 

3-kinases (PI3Ks) family of proteins play roles in cellular signalling and cancer. The PI3K 

gene family integrates signals from growth factors and cytokines and regulates several 

signalling pathways through intracellular signalling (Thorpe et al, 2015). Although there 

are no reports of Hypo-up uregulation associated with PIK3R5, somatic mutations were 

previously described in the PIK3R5 gene that promote cell survival and oncogenesis in 

colon cancer (Jaiswal et al, 2009) and melanoma (Shull et al, 2012). There has only been 
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one report of hypomethylation of the TUBB6  gene promoter in colon cancer (Beggs et 

al, 2019). Regarding enhancers notably, six  hypo-up enhancers affected genes invoved 

in the ECM degradation: TIMP2, COL6A2, CACNB2, CTSD, TPSAB1 and COL6A3.   

Analyses of enriched pathways from promoter and enhancer candidates revealed that 

most pathways belonged to the tumour microenvironment (TME). The main components 

of the TME in ESCC include immune cells, cytokines, the ECM (Wei et al, 2020), and  

CNS related genes (Griffin et al, 2020). Interactions of cell‒cell adhesion proteins with the 

TME also drive tumour development (Harjunpää et al, 2019). 

 

4.4.8 Candidate Gene Prioritisation 

Using these Hypo-up/Hyper-down criteria, we further filtered our results to include 

promoters and enhancers that showed significant methylation variations (≥20%) with q-

values ≤ 0.01 and that also had an inverse relationship to RNA expression (FDR ≤ 0.05 

and a ≥2-fold change in gene expression). We detected 15 significant gene promoters 

(12 Hypo-up and three hyper-down), with four significant Hypo-up (Table 4- 3). When 

examining the function of individual candidates, three gene promoters (CDC42EP3, TNC 

and KRT13) and one enhancer (COL6A3) were found to have ECM function(s). 
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Table 4- 3: Promoters and enhancers demonstrating significant methylation variations 
(≤20%) with q-value ≥0.01 and RNA fold-changes in opposite direction (≤2 logFC) 

Gene DMR Class *Methylation 

difference 

(%) 

Number 

of 

CpGs 

Number 

of 

samples 

(n=11) 

Differential 

expression 

(logFC 

change) 

 

FDR 

KRT13* Promoter Hyper-

down 

21 9 9                       

-4.8 

3.84E-

06 

TNC Promoter Hypo-

up 

-28 11 9 4.3 0.0002 

INHBA Promoter Hypo-

up 

-27 9 11 5.7 0.0006 

FAP Promoter Hypo-

up 

-32 6 11 4.6 0.0020 

UPK1A Promoter Hyper-

down 

25 6 7 -5.3 0.0027 

DUXAP10 Promoter Hypo-

up 

-34 7 6 5.0 0.0029 

ABLIM1 Promoter Hyper-

down 

36 7 11 -2.2 0.0080 

LRRC32 Promoter Hypo-

up 

-35 5 11 4.6 0.0100 

PARP12 Promoter Hypo-

up 

-29 6 8 4.9 0.0122 

EGFLAM Promoter Hypo-

up 

-33 5 8 4.2 0.0166 

SYNE1 Promoter Hypo-

up 

-35 16 11 4.5 0.0185 

THY1 Promoter Hypo-

up 

-30 8 10 3.4 0.0290 

PCCB Promoter Hypo-

up 

-29 19 9 4.4 0.0245 

CDC42EP3 Promoter Hypo-

up 

-40 20 10 6.8 0.0488 

CDKN2A Promoter Hypo-

up 

-46 14 10 3.2 0.0493 

        

COL6A3* Enhancer Hypo-

up 

-41 13 11 8.4 9.65E-

09 
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Gene DMR Class *Methylation 

difference 

(%) 

Number 

of 

CpGs 

Number 

of 

samples 

(n=11) 

Differential 

expression 

(logFC 

change) 

 

FDR 

SMYD3 Enhancer Hypo-

up 

-29 7 9 6.0 0.001 

NEK6 Enhancer Hypo-

up 

-22 23 10 3.7 0.010 

TTI1 Enhancer Hypo-

up 

-28 11 9 5.5 0.041 

*Genes are among the most differentially expressed and feature in Table 4.2 

4.5 Discussion 

DNA methylation provides a promising ESCC biomarker since methylation shifts occur 

in the early phase of the disease (Nishiyama and Nakanishi, 2021a). To our 

knowledge, we are the first group to probe the TruSeq Methyl Capture EPIC® assay 

in ESCC. Combining this technique with full transcriptome profiling, this dataset 

revealed deep-genomic dysregulation in ESCC at the gene regulation and pathway 

levels. It has been established that 70% of CpG islands are found in promoter regions 

(Bitzer and Malek, 2016), which could explain promoters having DMR abundance in 

this study. Aberrant methylation of gene promoters is a hallmark of several tumour 

models, and widespread differential methylation is an early event that leads to gene 

amplification in ESCC (Alvarez et al, 2011). Consequently, several studies have 

focused on the inverse relationship between DNA methylation in promoter regions and 

the transcriptome (Aran and Hellman, 2013; Bell et al, 2016). Enhancers inhabit a 

much larger genome segment than promoters and have a significant influence on 

cancer progression and prognosis (Aran and Hellman, 2013; Bell et al, 2016). 

Moreover, it has been suggested that predicting gene expression levels using 

enhancer sites is better than using promoters (Aran and Hellman, 2013). This study 

sought to identify promoters and enhancers with significant methylation variations, 

which also demonstrated an inverse relationship with their associated genes 

expression in matched tumour/normal ESCC samples. Using the FANTOM database 

for enhancers, 1390 enhancers were identified, which had sufficient sequencing 

coverage (>10 counts), of which 1163 were differentially methylated, with a q-value ≤ 

0.01 for the tumour vs normal paired cohort (Supplementary Table S4- 1). Only 257 

CpG sites from the 850K array fell within the 1163 enhancer DMRs identified through 
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the TruSeq EPIC assay. Consequently, ~80% of enhancer DMRs, potentially linked to 

gene regulation, would have been missed if the 850K bead array was utilised. 

Compared to another study that employed 850K arrays, 67% of DMRs were defined 

mostly as two CpGs in the assigned window(Talukdar et al, 2021). Here, enhancers 

and promoters were identified through several consecutive  significant CpGs. Talukdar 

et al (2021) did a comprehensive study on methylation changes in ESCC using 850K 

arrays. They included several distinct  geographical populations with a high incidence 

of ESCC and they identified three genes promoters with significant hypermethylation: 

PAX9, SIM2, and THSD4 genes. However, none of these three gene promoters were 

shown to be significant within the 21 South African cases included in their cohorts.This 

underscores the need to perform genomic studies for unique geographical locations, 

possibly associated with specific risk factors and etiologies. In the same  study RNA 

sequencing data were obtained from the TCGA data base to correlate expression with 

their methylation results (Talukdar et al, 2021). While databases such as TCGA are 

extensive, comparing data from differing patients and experiments is challenging due 

to variations in sample handling/processing, type of RNA sequencing 

platform/chemistry used and the analysis pipeline employed to normalise batch effects 

(Q Wang et al, 2018). Also, gene expression from TCGA ESCC patients were mostly 

Caucasian descent (Talukdar et al, 2021)).In contrast to this , in the present study 

methylome and transcriptome data were all from matched patients, thus reducing inter-

individual variability. We identified robust candidates from methylome and 

transcriptome data that may be of benefit for understanding ESCC 

initiation/progression in SA and identify potential clinical biomarkers. To prioritise 

candidate genes, we probed promoters and enhancers that showed significant 

methylation variations (≥20%) with q-value ≤0.01 and that also had an inverse 

relationship to RNA expression (FDR ≤ 0.05 and a ≥ 2-fold change in gene expression), 

referring to these states as Hypo-up and Hyper-down promoters or enhancers. Using 

these criteria, 15 promoters and four enhancers were identified. We noted significant 

differential methylation in three of these gene promoters (CDC42EP3 (Hypo-up), TNC 

(Hypo-up) and KRT13 (hyper-down)) and one enhancer (COL6A3 (Hypo-up)), which 

affect the ECM. GSEA from transcriptome data and hypomethylated enhancers also 

highlighted  enrichment for the  ECM pathway. Our results reflect dysregulation of ECM 

that may contribute to the landscape of  ESCC carcinogenesis in South African 

patients. 
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In particular, one hyper-down promoter, KRT13, topped the list of prioritised genes. 

KRT13 had almost a 5-fold decrease in expression in tumours compared to normal 

tissues and had the most significant p value from transcriptome analysis. Keratins 

(KRTs) are structural proteins expressed in epithelial cells and interact with several 

proteins related to cell survival, death, migration, proliferation, metastasis and invasion 

(Hendrix et al, 1996; Kim et al, 2006). In lung cancer, KRT13 interacts with ECM (Busch 

et al, 2021). Promoter hypermethylation with KRT13 silencing was reported in oral cell 

squamous carcinoma (OSCC) cases. OSCC and ESCC are thought to be related(Lee 

et al, 2017). They are both associated with identical major risk factors: alcohol and/or 

tobacco consumption (Ishiguro et al, 2009; Johnson, 2001). It has been suggested that 

KRT13 could be used as a therapeutic target in OSCC patients and that treatment with 

3-deazaneplanocin hydrochloride (DZNep) restores transcription of KRT13 

(Naganuma et al, 2014). This could be an interesting scenario if applicable to ESCC. 

It is well established that the ECM plays a critical role in the TME, and its disruption 

has been frequently reported in ESCC (Palumbo et al, 2020; Saldin et al, 2019; Zhang 

et al, 2021). In cancer, tumours make use of ECM remodelling and create a 

microenvironment that promotes tumourigenesis and metastasis (Winkler et al, 2020). 

The ECM composition becomes dysregulated, altered, stiff and more abundant in most 

cancer (Lu et al, 2011). The CDC42EP3 and TNC genes that form components of the 

EMC, were identified as Hypo-up promoters in this cohort. CDC42EP3 gene was 

previously found to be upregulated and associated with advanced tumour progression 

in gastric cancer (Chen et al, 2021, p. 42). In addition, CDC42EP3 has been 

demonstrated to be required for matrix remodelling, invasion, angiogenesis, and 

tumour-growth-promoting abilities of cancer-associated fibroblasts (CAFs) (Calvo et al, 

2015). CAFs increase ECM deposition and remodelling, leading to elevated 

cellular/tissue tension and enhanced stiffness in solid tumours (DuFort et al, 2011; 

Levental et al, 2009). These physical changes exacerbate tumour cell growth, survival, 

and migration (DuFort et al, 2011). The other Hypo-up promoter in the present study, 

was the Tenascin-C (TNC), gene promoter an upregulated ECM glycoprotein within 

the TME in most epithelial malignancies (Orend and Chiquet-Ehrismann, 2006). 

Cancerous epithelial/stromal cells interact to facilitate tumour remodelling by 

upregulating TNC (Hynes, 2002). Both Hypo-up promoters identified in this study 

suggest that such dysregulation  are likely to  result in ECM remodelling. 
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Among the four identified hypo-up enhancers, COL6A1 is known to play a role in ECM,  

and may be considered as a potential drug target in ESCC.  The COL6A3 enhancer 

region acted as a peak hypomethylated DMR (41%), demonstrating eight-fold 

upregulation of expression in tumour tissue. Collagen type VI α1 chain (COL6A3) 

encodes the α1 (VI) chain of type VI collagen and is a primary protein for ECM (Tanaka 

et al, 2003), proving vital for multiple tumour-model TMEs (Chen et al, 2013). Collagen 

VI consists of three subunits: alpha-1 (VI), alpha-2 (VI), and alpha-3 (VI) chains, 

providing ECM structural support. COL6A3 encodes the alpha-1 (VI) repeat subunit 

(Chen et al, 2013). Early studies demonstrated that COL6A3 overexpression leads to 

ECM disruption in ovarian cancer (Sherman-Baust et al, 2003). Since then, COL6A3 

has been shown to be overexpressed in almost 20 types of different cancers (Wang 

and Pan, 2020). Furthermore, the COL6A3 related gene was also hypomethylated and 

transcriptionally upregulated in tumour development within uterine leiomyomas 

(Maekawa et al, 2013) and glioblastoma (Hyman et al, 2015). Functional studies have 

shown  that overexpression of COL6A3 in bladder (Huang et al, 2018), colorectal (Liu 

et al, 2018) and gastric (Ao et al, 2018) cancer cell lines. Collectively, all Hypo-up 

enhancers and promoters identified in this study were linked to ECM disruption.  Only 

one other recent Chinese study investigated ESCC with matched methylome data and 

transcriptome data derived from the same patient samples. Although they used the 

earlier 450k array, which targets > 450,000 methylation sites in contrast to the 3.3 

million CpG sites used in this study. Like our study, they selected promoters that 

showed significant methylation variations (≥20%) with q-value ≤0.01 and that also had 

an inverse relationship to RNA expression (FDR ≤ 0.05 and a ≥ 2-fold change in gene 

expression) and proposed a 12-marker diagnostic panel to distinguish high-risk ESCC 

patients (Xi et al, 2022). From their candidate genes, 2 genes also associated with 

ECM function: COL14A1 and MMP13. This further reflects dysregulation in the ECM 

in ESCC. 

In addition, we identified 12 other differentially methylated promoters of which 10 were 

hypomethylated (CDKN2A, LRRC32, SYNE1, DUXAP10, EGFLAM, FAP, THY1, 

PARP12, PCCB and INHBA) and two were hypermethylated (UPK1A, ABLIM1). 

Among these  genes UPK1A (Kong et al, 2010; Li et al, 2013), DUXAP10 (Z Wang et 

al, 2018) and INHBA (Lyu et al, 2018) were previously found to be upregulated in 

ESCC. UPK1A is a highly conserved protein in several organisms and  act as a tumour-

suppressor gene in ESCC (Kong et al., 2010). This gene affects cell cycle arrest at the 

G1/S checkpoint and is associated with downregulation of cyclin D1, cyclin-dependent 
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kinase 4 and MMP7. Promoter hypermethylation of UPK1A with decreased RNA 

expression has been previously described with a poor prognosis in ESCC (Kong et al., 

2010). The DUXAP10  pseudogene derived from long noncoding RNA (lncRNA),  was 

found to be upregulated in in ESCC and colorectal cancer (CRC) and is associated 

with a short survival time. Knockdown of DUXAP10 negatively influences ESCC cell 

proliferation. It has also been suggested that DUXAP10 be used as a marker for early 

diagnosis and treatment of ESCC (Wang et al., 2018). Inhibin subunit beta A (INHBA) 

encodes a member of the TGF-beta superfamily of proteins. Overexpression of INHBA 

has been reported in several cancers, including bladder, CRC, breast, gastric, lung, 

esophageal adenocarcinoma  and in ESCC where it is associated with a poor 

prognosis ( Lee et al, 2015; Okano et al, 2013; Bashir et al, 2015; Q Wang et al, 2012; 

Lyu et al, 2018; Seder et al, 2009). Although the molecular mechanism of INHBA has 

not been explained in ESCC (Lyu et al, 2018), in esophageal adenocarcinoma INHBA 

was found to be overexpressed as a result of promoter demethylation and histone 

acetylation (Seder et al, 2009) The same molecular mechanism could explain the 

overexpression of INHBA in ESCC, although further studies are warranted.  

Last, this study investigated top-hypomethylated/top-hypermethylated gene promoters 

without integrating transcriptome data. One particular pathway enriched in KEGG 

analysis was cytokine‒cytokine receptor interaction. During the early stage of ESCC, 

the immune system plays a critical role in preventing tumourigenesis (Zhang et al, 

2021). Conversely, ESCC cells expand tumours by secreting cytokines, chemokines 

and growth factors (Chen et al, 2020). Several hypomethylated genes in this study 

were linked with immune system function or belonged to the chemokine ligand (CCL) 

and interleukins (IL) family of genes (involved in cytokine interactions) (Zhang et al, 

2021) (Supplementary Table S4- 3). Among these, IL6 is upregulated in ESCC 

(Soares-Lima et al, 2021) and was significantly hypomethylated within most of this 

study’s samples. Several cell myeloid activation pathways were also hypomethylated, 

corroborating previous investigations whereby myeloid-derived suppressor cells 

(especially cluster of differentiation (CD)) were enriched in ESCC and linked to poor 

prognoses (Chen et al, 2014; Huang et al, 2015). This study found CD53, CD86 and 

CD200 to be hypomethylated within the tumour cohort. Concerning hypermethylated 

gene promoters, this study detected several gene promoters linked to the CNS/neural 

development pathways. Cells involved in the CNS are established as TME 

components by regulating tissue function and playing essential roles in cancer 

progression. The interaction between nerves and tumour cells is established in breast, 
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pancreatic, prostate, head and neck cancers and cholangiocarcinoma (Egashira et al, 

2011; Kamiya et al, 2019; Magnon et al, 2013; Saloman et al, 2016). 

Another important contribution of this study is the identification and use of enhancers 

as regulatory regions that could serve as clinical biomarkers. Several studies have 

shown that there is a stronger correlation between methylation of enhancers and gene 

expression compared to promoters (Andersson, 2015; Bell et al, 2016; Cho et al, 2022; 

Song et al, 2019). Despite enhancers inhabiting a much larger portion of genomic DNA 

than promoters and having a significant effect on cancer progression and prognosis 

(Aran and Hellman, 2013; Bell et al, 2016), the study of DNA methylation in enhancers 

has been underrepresented in most cancers, and no study to our knowledge have 

investigated the differential methylation of enhancers in ESCC. This lack of research 

could be due to DNA methylation assays with limited coverage up until recently with 

the introduction of the Infinium Methylation EPIC Array (850 K). The TruSeq Methyl 

Capture EPIC assay used in this study with 3,3 millions targets rectifies such issues 

(Moran et al, 2016). 

In this study, we focused on DNA methylation combined with whole transcriptome 

profiling. Our findings highlight the prevalence of differentially methylated regions 

(DMRs) in promoter and enhancer regions that influence gene regulation and signalling 

pathways. The TruSeq EPIC assay outperformed the 850K bead array in detecting 

enhancer DMRs. This work demonstrates the importance of site-specific studies given 

the diverse geographic and etiologic factors that contribute to ESCC. Hypo-up and 

hyper-down candidate promoters and enhancers were mainly associated with ECM 

and contributed to ESCC carcinogenesis. In particular, the KRT13 gene emerged as a 

prominent candidate that may warrant potential implications for ESCC therapy. A 

noteworthy aspect of this study is the focus on enhancers as potential clinical 

biomarkers. Enhancers are usually underrepresented in cancer studies, although it has 

been suggested that they show a strong or stronger inverse correlation between 

methylation and gene expression compared to promoters. This research leverages the 

comprehensive coverage of the TruSeq Methyl Capture EPIC assay to address this 

knowledge gap. Finally, this multi omics study serves as a foundation for 

understanding the development and progression of ESCC in the context of South 

African ESCC patients.  
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Chapter 5: Investigating the Transcriptome in African 

Esophageal Squamous Cell Carcinoma (Manuscript 3) 

 

5.1 Abstract 

Esophageal squamous cell carcinoma (ESCC) is a leading and aggressive cancer that 

is endemic in certain parts of Sub-Saharan Africa. To improve outcomes, there is an 

urgent need for the application of genomics to  early detection. In this study, we used 

RNA sequencing on eleven matched ESCC tumour and adjacent normal tissue 

samples to investigate gene expression  in South African ESCC patients. 

Transcriptome data mapped to 13 452 annotated genes between normal and tumour 

groups that clustered independently on principal component  analysis (PCA). We 

investigated significant differentially expressed genes (DEGs) using criteria that 

included a fold change difference of ≥2 and an FDR-adjusted p value below ≤ 0.05. 

We identified 241 DEGs, of which 170 were upregulated and 71 were downregulated. 

Our top three overexpressed genes, FN1, POSTN and COL6A3 (8-9-fold increase)  

had the most significant FDR (<10-9 to 10-16) values and all belonged to the 

extracellular matrix (ECM) pathway:. Our data suggest that the ECM plays an important  

role in the progression of ESCC in our cohort, facilitated by serine proteases. 
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5.2 Introduction 

Cancer is the first or second leading cause of death in 112 of 183 countries for people 

aged ≥70 years. The latest global statistics show that esophageal cancer accounts for 

more than 540,000 deaths each year (Sung et al, 2021). There are two types of 

esophageal cancer: esophageal squamous cell carcinoma (ESCC), which begins in 

squamous cells in the upper and middle parts of the esophagus, and esophageal 

adenocarcinoma (EAC), which develops in the glandular tissue in the lower part of the 

esophagus (Mariette et al, 2005). ESCC is associated with geographically endemic 

regions, including China, Central Asia, Japan, Northern Iran, South America, African 

Americans and Sub-Sharan Africa (Alaouna et al, 2019). In Sub-Saharan Africa and 

central Asia, ESCC incidence is 20-fold higher than  in Western countries (Somdyala 

et al, 2010). ESCC accounts for the second highest number of cancer-related deaths 

in South Africa, with an incidence of 46.7/100,000 and 19.2/100,000 for males and 

females respectively (Alaouna et al, 2019). The high mortality rate is mainly due to 

patients presenting late with the disease. Treatment for ESCC is largely palliative and 

includes insertion of a stent to enable swallowing (Loots et al, 2019). Although there 

are also radio- and chemotherapy options for these patients in South Africa, the median 

survival of ESCC patients is only 112 days (Ferndale et al, 2021a). The high incidence 

and poor prognosis of ESCC in South Africa underscores the need to better understand 

the aetiology, to identify early markers of disease and to implement novel therapeutic 

options. A number of risk factors have been associated with ESCC, including tobacco 

smoking (Segal et al, 1988), alcohol consumption (Sumeruk et al, 1992), smoke 

inhalation from cooking and heating fires (Sammon, 2007), poor nutrition (Kamangar 

et al, 2009), and unhygienic water sources (Yang, 1980). Homemade beer, which is 

regularly contaminated with fungi such as Fusarium verticillioides, has also been 

suggested as a contributing factor of ESCC in South Africa (Alaouna et al, 2019).  

 The recent progress in high throughput sequencing technology has led to  genomic 

analyses (e.g., mutational profiling, transcriptome, methylome, etc.) becoming a 

fundamental source of experimental and clinical information. Although extensive 

genomic profiling of ESCC has been used for the classification of ESCC subtypes (Gao 

et al, 2014; Kim et al, 2017; Lin et al, 2014; Nagata et al, 2017; Sawada et al, 2016), 

an important and unanswered question is whether genomic data can provide  

information to improve our understanding  of the aetiology of this deadly disease. A 

search of the literature for gene expression studies in ESCC is  summarised in Table 
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5.1. We did not include any studies that investigated microRNA and lncRNA 

sequencing. 
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Table 5- 1: Gene expression studies on ESCC over the past decade 

Cohort and 

reference 

Number of samples Technique Upregulated 

gene/s 

Downregulated 

Gene/s 

Pathways 

China (Fu et al, 
2015) 

3 paired tumour/normal RNA Sequencing 
(Single ended) 

COL1A1, COL1A2, 
COL1A10, MMP 

KRT4, CRISP3, 
CRISP4 

ECM, Focal adhesion, 
small cell lung cancer 

China (L-Y 
Zhang et al, 
2016) 

3 paired tumour/normal, 
218 validation cohort 

RNA sequencing - PSCA Cell cycle arrest and 
Differentiation 

China (Xing et al, 
2017) 

6 paired tumour/normal RNA Sequencing 
(Paired ended) 

ADAM12, CHI3L1, 
MMP13, SPP1 

Not taken into 
consideration 

Degradation of ECM 

China (Yu et al, 
2019) 

119 paired 
tumour/normal 

RNA expression microarray 
and exome sequencing 

ANO1, GAL, and 
MMP3 

- Degradation of ECM, 
TGF-beta pathway 

India (Kashyap 
et al, 2009) 

20 paired 
tumour/normal 

DNA microarray candidates 
were confirmed with mRNA 
expression 

SPARC, MMP1, 
MMP3, MMP10, 
MMP9, MMP12, 
MMP13, MMP11, 
SPP1, OPN3, IL6, 
IL1B, THBS2, 
TACSTD1 

SYNPO2, NMES1, 
TGM3, ZNF12, 
ZNF750, ZNF185, 
TMPRSS11E, SPINK5, 
SERPINB4, SCEL, 
RHCG, PPP1R3C, IVL, 
HOP, GPX3, PPL 

Degradation of the ECM, 
Epithelial formation, 
Arachidonic 
acid metabolic pathway, 
Tryptophan metabolic 
pathway 

China (Z Liu et 
al, 2020, p. 17) 

90 paired 
tumour/normal 

RNA sequencing KRT17 - AKT pathway 

China (Xu et al, 
2020) 

3 paired tumour/normal. 
The results validated 
against 53 samples 
from GEO database 

RNA sequencing MMP1, MMP9, 
MMP12, MMP10, 
MMP13, MMP17, 
MMP23B 

- Degradation of ECM 

China (Zhang et 
al, 2020, p. 3)  

155 RNA and exome 
sequencing 

TSTA3 - Cell migration 
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Cohort and 

reference 

Number of samples Technique Upregulated 

gene/s 

Downregulated 

Gene/s 

Pathways 

China (G Liu et 
al, 2020) 

10 paired 
tumour/normal 

RNA sequencing CLIC4 CLIC3 Cell cycle, P53 

TCGA 
Database (Zhou 
et al, 2022) 

162 tumour and 11 
normal 

RNA Sequencing METTL3 - MAPK and immune 
response 

Africa (Liu et al, 
n.d.) 

59 paired 
tumour/normal 

RNA Sequencing TP63, KRT5, 
KRT15, BNC1, 
DSC3, DSG3 

- Neural differentiation, 
morphogenesis, DNA 
repair, 
metabolism 

Japan 
(Takemoto et al, 
2021) 

88 paired 
Tumour/normal 

RNA sequencing, exome, 
methylation (450k array) 

- FAT1 and FAT2 transmembrane proteins 
and members 
of the cadherin 
superfamily. 
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One of the most notable observations from Table 5- 1 is that most expression studies on 

ESCC were carried out in Asia (10/12), with Africa severely under-represented. There is 

only a single African study that carried out exome and RNA sequencing in a cohort of 

Malawian ESCC patients (Liu et al., 2016) despite the high prevalence of ESCC in sub-

Sharan and Eastern Africa. 

Another important observation from Table 5- 1 is that in almost half of the studies (5/12), 

DEGs are enriched in biological terms related to degradation of the ECM. The ECM is a 

component of the tumour microenvironment (TME) and is a dynamic network of proteins, 

glycoproteins, proteoglycans, and polysaccharides that provides signalling, stability and 

structural support for organs. Other components of the TME include the tumour’s 

connective tissue, vasculature and infiltrating immune cells. There are three main 

constituents of the ECM: structural proteins, adhesive proteins and proteoglycans. The 

most common type of structural protein is collagen, which provides the matrix with 

strength and support. Adhesive proteins mediate interactions between cells or between 

cells and the ECM. There are four main families of adhesive proteins: immunoglobulin-

like adhesion molecules, integrins, cadherins and selectins (Ren et al, 2011). 

Proteoglycans, the third major constituent of the ECM, are proteins that are usually 

attached to glycosaminoglycan polysaccharides and are responsible for cell adhesion, 

migration and proliferation (Wight et al, 1992). Excess ECM production or reduced ECM 

turnover is a prominent feature in several cancers (Frantz et al, 2010). Degradation of the 

ECM in cancer is facilitated through proteinases such as matrix metalloproteinases 

(MMP) and serine proteinases (Cawston and Young, 2010), which are released by tumour 

and stromal cells. In ESCC, degradation of the ECM is thought to occur as a result of a 

reduction in collagen deposition due to overexpression of the matrix metalloproteinase 

(MMP) family, which is made up of 23 isoforms (Bode and Maskos, 2003). Several studies 

have investigated the role of MMPs in ESCC. MMP9, MMP12, MMP10, MMP13, MMP17, 

and MMP23B enhance cell viability and cell migration in ESCC (M Liu et al, 2016). The 

MMP family is also linked with lymph node metastasis and advanced TNM stage of ESCC 

(M Liu et al, 2016). Studies have shown that AJUBA upregulates MMP10, which promotes 

cell migration and cell invasion (Shi et al, 2016) and is associated with poor survival in 
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early ESCC (Liu et al, 2012). PTK7 activates AP-1 and NF-κB, which promotes the 

expression of MMP9, increasing cell invasiveness in ESCC (Shin et al, 2016). 

Despite these findings on the importance of ECM in ESCC, there are no genome-wide 

expression studies specific to the South African population. In the present report, we 

addressed this issue using RNAseq profiling of a cohort of South African ESCC patients 

with matched tumour/adjacent tissues. 

5.3 Methods 

Specimen Collection, Methods and Study Design 

 Specimens from patients with a histologically confirmed diagnosis of ESCC were 

collected and processed according to the IARC protocol (Mendy et al, 2017). Sample 

collection, storage, histology and nucleic acid extraction have already been described 

and reported (Ferndale, Moodley et al, 2021b). In brief, tumour and adjacent normal 

tissue were collected from 50 presenting patients suspected to have ESCC from CMJAH. 

Specimens were stored in RNAlater® (Qiagen) or placed in a 2 ml Cryotube and 

immediately immersed in liquid nitrogen. Each specimen was dissected into two pieces 

(25%:75%); the smaller portion was processed for histology to determine tumour content, 

and the larger portion was used for DNA and RNA extraction [Qiagen AllPrep Universal 

Kit ® (Qiagen)] according to the manufacturer’s protocol. Paired samples with ≥60% 

tumour content and matched adjacent normal tissue (0% tumour) were the primary criteria 

for inclusion. The majority of patients in our cohort had 100% tumour content (7/11). 

Patient characteristics are shown in Table 5- 2. All patient specimens were of self-

declared African ancestry . The mean age of the patients was 60.81 years (ranging from 

38 to 78). Our cohort included seven females and four males. Four patients consumed 

tobacco, and three consumed alcohol. 
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Table 5- 2: Patient characteristics of specimens processed in this study 

*Sample 

number 

Age Gender Tumour 

grade 

Tumour 

% 

Current 

smoker 

Current 

alcohol 

consumption 

Current 

fuel used 

for 

cooking 

2 69 Female Invasive 
Carcinoma 

100 Never Never Wood 

3 65 Female Invasive 
Carcinoma 

100 Never Never Wood 

4 78 Male Invasive 
Carcinoma 

100 Never Never Wood 

5 56 Male Invasive 
Carcinoma 

100 Never Never Electricity 

6 67 Male Invasive 
Carcinoma 

75 No. Past 
smoker  

Never Paraffin 

7 53 Female Keratinising 
Carcinoma 

80 Never Never Electricity. 
Wood in the 
past 

8 55 Female Keratinising 
Carcinoma 

60 Yes. 7 
per day 

Yes. 750 ml 
twice per week 

Electricity 

9 66 Female Keratinising 
Carcinoma 

100 Never Never Wood 

10 49 Male Free lying 
Squamous 

100 Yes. 5 
per day 

Yes. 1 litre 
twice per week 

Wood 

11 38 Female Keratinising 
Carcinoma 

90 Yes. 60 
per day 

Yes. 9 litres 
twice per week 

Wood 

12 73 Female Keratinising 
Carcinoma 

90 Never Never Electricity 

*Please note: Sample number 1 failed QC for sequencing and therefore was not included for the rest of this 

study 

 

RNA Sequencing 

RNA sequencing and transcript normalisation 
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RNA was extracted from patient tissue with the AllPrep assay (Qiagen®). RIN was 

calculated using the Agilent 2100 BioAnalyzer (Agilent Technologies, Santa Clara, CA, 

USA). Library preparation was performed with the TruSeq Stranded mRNA assay 

according to the manufacturer’s guidelines. Briefly, 1 µg RNA was purified with poly-DT 

magnetic beads to capture mRNA. RNA was reverse transcribed into cDNA using 

Superscript VI® (Thermo Fisher). Second strand cDNA was generated to ensure strand 

specificity by substituting dTTP with dUTP. Double-stranded cDNA was processed for 

end repair, A-tailing, adaptor ligation and library enrichment. The quality and quantity of 

libraries were analysed with a Labchip GX® analyser (Perkin Elmer) and Qubit® assay 

(Thermo Fisher). RNA libraries were sequenced as 125 bp paired-end reads on the 

Illumina HiSeq2500 platform. Reads from transcriptome data were demultiplexed before 

analysis. 

After initial QC with FastQC, transcripts were mapped to the reference genome (hg38) 

and quantified using the software package Hisat2 (Kim et al, 2019). Since all matching 

pairs were in the same batch, we performed a paired analysis. Count data for all samples 

were combined and normalised (based on library size) with EdgeR (Robinson et al, 2010) 

(version 4.1). The strategy used for differential analysis between tumour/normal samples 

was to aggregate p values derived from individual transcripts to obtain gene-level results 

(Yi et al, 2018). Traditionally, the detection of DEGs used gene-level read counts as 

starting material to test for differential gene expression between tumour and normal 

samples. However, recently, it has been shown that statistical testing is more powerful 

with the ‘analysis first, aggregation second’ approach in which p values derived from 

transcript analysis are first aggregated to obtain gene-level results. This has been shown 

to increase sensitivity and accuracy for DEG analysis (Yi et al, 2018). Thus, a p value 

was obtained for each transcript and aggregated to obtain a single p value for each 

corresponding gene. To account for individual effects, we used a linear regression with 

the tissue type (normal or tumour) as the main variable and the patient identification as 

the covariate. Genes with a fold change (up and down) ≥2 and FDR-adjusted p value 

≤0.05 were considered significant. 
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5.4 Results 

5.4.1 Transcriptome Profiling of South African ESCC 

The number of reads that are mapped to a gene can be affected by different factors, such 

as gene length (Oshlack and Wakefield, 2009), sequencing depth (Robinson and 

Oshlack, 2010) and GC content (Risso et al, 2011). Thus, these factors need to be taken 

into consideration when converting raw reads into meaningful differential expression 

results. The number of reads after normalisation and filtering out reads with low coverage 

(>10) are shown in Table 5.3. 
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Table 5- 3: The number of reads after normalisation and filtering for all samples in our 
cohort 

Group Sample 

number 

Read counts after  

normalization and filtering 

Normal 2N 21976469 

Tumour 2T 21808442 

Normal 3N 20369913 

Tumour 3T 13117084 

Normal 4N 26040758 

Tumour 4T 17409313 

Normal 5N 21176982 

Tumour 5T 20859610 

Normal 6N 19141767 

Tumour 6T 15421812 

Normal 7N 2422961 

Tumour 7T 1664606 

Normal 8N 834498 

Tumour 8T 1319364 

Normal 9N 1123674 

Tumour 9T 3341811 

Normal 10N 1134526 

Tumour 10T 5511597 

Normal 11N 4306920 

Tumour 11T 1432194 

Normal 12N 2556530 

Tumour 12T 1324877 

 

From Table 5- 3, the mean read count after normalisation across all samples was 

10195259, sufficient for further downstream analysis. A visual display of the read counts 

obtained after normalisation is shown in Figure 5-1. 
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Figure 5- 1: Normalisation of RNA transcripts 

Figure 5.1 displays read counts after normalisation measured in log2 counts per million. 

Each boxplot represents the median with standard deviation (top and bottom). The 

extremes of the boxes are the first and third quartiles. The dots are outliers (genes with 

several counts). Low coverage was defined using the “filterByExpr” function of the 

“edgeR” package, with a minimum number of reads ≥10 (using the “min.count” function). 

The difference between both batches (tumour and normal) was significantly reduced 

when filtering out transcripts with low coverage (<10x). PCA showed that most of the 

ESCC samples clustered together (Figure 5- 2 A) and were sufficient to distinguish 
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tumour from normal samples. Differential analysis was performed by aggregating p values 

derived from the transcript-level to obtain gene-level results, as previously described (Yi 

et al, 2018). The volcano plot highlights all significant transcripts, using a FC => 2 and 

adjusted p value (FDR) ≤ 0.05 (Figure 5.2B). 

 

A 
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Figure 5-2: PCA, volcano and heatmap between tumour and normal samples  A, PCA plot 
of tumour (blue) and normal (red) tissues from 11 South African samples. Before batch 
correction accounts for all transcripts regardless of their coverage after RNA sequencing, 
after batch correction filters out transcripts with low coverage (>10x). Circle: samples 
sequenced from batch 1, triangle: samples that were sequenced from batch 2. B, Volcano 
plot of DEGs. Statistical significance P values (Y-axis) versus fold change on x-axis. The 
most upregulated genes in tumours are towards the right, and most downregulated genes 
in tumours are towards the left. The horizontal dashed line around 2.5 represents log 0.003 
(p value) corresponding to the corrected FDR of 0.05, which was the level of significance 
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used for differential gene expression.C, Heatmap of the top 30 DEGs between normal and 
tumour samples. The dendrograms are based on unsupervised clustering of genes (rows) 
and samples (columns). 

From the volcano plot (Figure 5-2 B), a total of 13 452 genes were compared between 

our normal and tumour groups. Some of the significant genes that had both a FC ≥ 2 in 

expression and an FDR ≤ 0.05 are highlighted in the volcano plot. Genes towards the 

upper-left were downregulated, and genes towards the upper right were upregulated with 

significant p values. We observed that most of the genes that were upregulated with 

significant p values belonged to the ECM pathway. In total, there were 241 DEGs, with 

71 downregulated and 170 upregulated in tumours relative to their nontumour adjacent 

tissues, which was consistent across all samples (supplementary table 5.1). The top 30 

DEGs were able to correctly discriminate between tumour and nontumour tissues, as 

shown in a heatmap of the normalised expression data (Figure 5.2 C). 

5.4.2 Gene Set Enrichment Analysis in South African ESCC 

To further investigate the differences between ESCC and normal tissue, GSEA was used 

to investigate gene expression patterns and pathways between ESCC and normal tissue. 

GSEA has been shown to be a powerful method in omics studies that involve cancer (Zito 

et al, 2021). GSEA is a computational process that is used to determine if a set of genes 

can provide an understanding of the BPs or pathways that underlie a phenotype. GSEA 

showed that the ECM pathway was consistently enriched across the different databases, 

and ECM was the most enriched pathway across BPs and Reactome (Figure 5-3). ECM 

has been shown to be enriched in several ESCC studies, as described above. Some of 

the most enriched pathways from KEGG included Epstein‒Barr virus (EBV), 

proteoglycans and MAPK signalling pathways, which have also been previously 

described and associated with ESCC (Mabi, 2017; S Zheng et al, 2011; Zhu and Cheung, 

2021) (Supplementary Figure S5- 1). 
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Figure 5-3: Pathways enriched after transcriptome analysis with BPs (A) and Reactome 
(B). “Count” = number of genes   
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Most gene ontology tools only investigate genes that have a significant change, for 

example, p values ≤ 0.05. In addition to significant genes, GSEA also looks at changes 

in all genes across a particular pathway. GSEA focuses on a ranking system and 

determines if a given gene set has statistical significance between both groups (Zito et al, 

2021). The enrichment plot from GSEA showed a significant enrichment score for ECM 

(Figure 5-4A). 
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Figure 5-4: GSEA and Volcano plots illustrating over representation of the ECM in our 
cohort A, Along the X-axis is the ranked gene set (ECM) with genes ranked from left to 
right. On the left are genes with the highest expression and on the right are genes with the 
lowest expression when comparing our tumour to normal group. Red: high expression, 
Blue: low expression. Each black bar represents a gene in the ECM pathway. B, Volcano 
plot of all significant genes that belong to the ECM pathway among all 13452 genes 
expressed. All labelled dots (genes) belong to the ECM pathway. The position of each gene 
is based on both the fold change (X-axis) and Log P-value (Y-axis). NS: no significance in 
expression or p-value. The top 3 genes that were overexpressed and had the most 
significant p-values were FN1, POSTN and COL6A3 (upper right).  

 

From the GSEA plot in Figure 5.4 A, most of the bars are located on the left-hand side 

and thus were overexpressed in the ECM pathway. ECM was the top most enriched GO 

pathway (NES= 1.7, adjusted p value = 3.35E-08). Since ECM was highlighted in most of 
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our pathway analyses, we sought to determine how many genes in the ECM pathway 

displayed both a FC > 2 in expression (up or down) and a significant FDR (≤ 0.05) (Figure 

5.4 B). We identified 25 genes that belonged to this category. Incidentally, the top three 

overexpressed genes that also had the most significant p values across all genes 

belonged to the ECM pathway: FN1, POSTN and COL6A3 (also shown in Figure 5.4 B). 

All three genes had an 8-9-Log2 FC increase in expression in tumour tissue compared to 

normal tissue and very significant FDRs that ranged between >10-9 and  

10-16 (Supplementary table 5.1). 

5.5 Discussion 

Over the past decade, transcriptome studies have been used extensively to understand 

the underlying causes of cancer and to identify novel biomarkers, gene signatures and 

aberrant expression. NGS has facilitated these discoveries and consequently has paved 

the way for anticancer therapies (Supplitt et al, 2021). In our study, we compared gene 

expression between matched tumour/normal tissues derived from ESCC patients. We 

identified previously identified biomarkers and novel candidates. The data generated from 

this study were focused on providing more insight into RNA sequencing when comparing 

normal and tumour tissue in ESCC, a deadly and high incidence disease in Sub-Saharan 

Africa, a region that is also severely lacking in genomic studies. 

The PCA plot showed that although the intracluster variation was broad, most of the 

ESCC and normal tissues independently clustered together. The list of significantly 

expressed genes (2-fold change in expression and FDR ≤ 0.05) included some that were 

previously reported: SPINK5, SPP1, SCEL, RHCG, ZNF185, COL1A2, KRT17, SPARC, 

CRISP3, KRT4, MMP9, SYNPO2L, FN1, COL6A3 and POSTN (Kashyap et al, 2009; 

Xing et al, 2017; Fu et al, 2015; Z Liu et al, 2020; Fu et al, 2015; Samantaray et al., 2004; 

Xu et al., 2020; Zhang et al, 2005; Nanda et al, 2004; Wang et al, 2014). Most of the 

significantly overexpressed genes detected in our study (8/15) that were also previously 

reported in one specific study that was carried out in a cohort of Indian (Kashyap et al, 

2009) ESCC patients. Importantly, from our list of 241 genes that had a ≥2-fold change 

in expression and an FDR ≤0.05, a significant number of genes (15%) were associated 

with the ECM (25) and serine proteases (11). 
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5.5.1 ECM Genes are Differentially Expressed in South African ESCC 

ECM was the most consistent biological term enriched in our pathway analysis. Cancer 

progression is strongly correlated with the interaction between tumour cells and the 

tumour microenvironment (Walker et al, 2018). Of the significant genes that exhibited a 

2-fold change in gene expression and had FDR values ≤ 0.05, 3 were underexpressed, 

and the remaining 22 were overexpressed. The majority of the genes (9) were involved 

in cell adhesion, six were involved in structural support, four were involved in signalling, 

two were involved in degradation of the ECM, and one gene each was involved in cell 

migration, binding of collagen and serine proteinase inhibitor. 

Disruption of the ECM and proteinases has been implicated in cancer progression. 

Extracellular proteases promote cell invasion through ECM remodelling (Rowe and 

Weiss, 2009). Serine proteases are thought to disrupt critical signalling pathways such as 

growth factors (Yang et al, 2008), chemokines (Naito et al, 2019), cytokines (Leuning et 

al, 2018) and kinases (Duffy, 2004). A substantial amount of  ESCC studies listed in table 

5-1 have attributed ECM dysregulation to MMP proteases. In this study, although MMP9 

was a significant overexpressed gene that exhibited a 2-fold change in gene expression 

and had FDR values ≤ 0.05, several aberrantly expressed genes enriched for serine 

proteases, not MMPs, contribute to disruption of the ECM. Although serine proteases, 

including urokinase-type plasminogen activator, fibroblast activation protein (FAP), 

granzymes, and kallikrein-related peptidases, have all been reported to have increased 

expression levels and abnormal activity in the tumour microenvironment in several other 

cancers ( Duffy, 2004; Mj et al, 1994; Y Liu et al, 2020; Zhou et al, 2020; Seiz et al, 2012). 

One of the genes that could contribute significantly to ECM degradation in our study was 

the serine protease inhibitor Kazal type (SPINK7), which was found to be significantly 

underexpressed (~4-fold) with an FDR ≤ 0.05. SPINK7 belongs to the SPINK family, 

which includes SPINK1-14 and is the largest branch in the serine protease inhibitor family 

(Jalkanen et al, 2006; Ma et al, 2013, p. 13; Rawlings et al, 2004; Wapenaar et al, 2007). 

SPINK7 is also known as esophageal cancer-related gene 2 (ECRG2) and has been well 

described to be significantly downregulated in primary ESCC (Cui et al, 2010). The same 

observation was made in our study.  
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In addition to detecting several serine proteases that were aberrantly expressed, we also 

looked at the most highly expressed genes and genes with the most significant p values 

(≤ 0.05). The top 3 genes with the most significant p values were fibronectin-1 (FN1), 

periostin (POSTN) and collagen type VI alpha 3 chain (COL6A3). Incidentally, the same 

three genes also displayed the highest fold change in expression with a 9-fold difference 

between ESCC tumour and adjacent normal tissue (supplementary table 5.1). High 

expression of FN1 has been reported in several cancers. In colon cancer, FN1 promotes 

cell invasion (Ding et al, 2008). In breast cancer, FN1 promotes progression by activating 

STAT3 (Balanis et al, 2013). High levels of FN1 were reported in renal cancer with 

advanced disease (Waalkes et al, 2010). In advanced ESCC, FN1 was shown to activate 

the Erk pathway (Zhang et al, 2005). High levels of POSTN protein have also been 

previously reported in ESCC and were also shown to be associated with tumour 

progression, angiogenesis and poor survival (Wang et al, 2014). High levels of COL6A3 

have been reported in several cancers, including breast (Iyengar et al, 2005), liver (Lee 

et al, 2019), lung (Nanda et al, 2004), pancreatic (Arafat et al, 2011) and bladder (Huang 

et al, 2018) carcinomas. In ESCC, it has been suggested that high levels of COL6A3 

interact with TEM8 during angiogenesis (Nanda et al, 2004). 

The top six underexpressed genes that were downregulated with ≥ 6-fold change were 

CAPN14, TMPRSS11B, CRNN, DYNAP, KRT78, PADI1, and CLCA4. Down regulation 

of most of these genes have been shown to play a critical role in cancer progression. 

CAPN14, a protease, has been shown to be underexpressed in patients with eosinophilic 

esophagitis (Litosh et al, 2017). Downregulation of CRNN gene expression has been 

previously described in ESCC, in association with advanced tumour stage and poor 

survival in ESCC patients (Hsu et al, 2014). TMPRSS11B, CLCA4 and KRT78 have also 

previously been shown to be downregulated in African-American ESCC patients. These 

genes affect the NRF2 pathway, which leads to dysregulation of the stress response and 

detox networks (Erkizan et al, 2017). 

In summary, we present here for the first time a comprehensive transcriptome data set 

derived from tumour/normal paired in South African ESCC patients. We generated a 

substantial list of dysregulated genes that were enriched in the ECM pathway, notably, 
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serine proteases. These data provide insight into the molecular mechanisms and 

pathogenesis of ESCC in a cohort that is underrepresented in genomic studies. 

Raw data for RNA sequencing in the form of count files can be downloaded using the link  

in the supplementary section (Supplementary folder 2.2).  
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Chapter 6: Discussion and Conclusion 

 

Our study aimed to evaluate the contribution of methylome dysregulation and altered 

gene expression in African ESCC patients and to identify the genes and molecular 

pathways  affected in our cohort.  

6.1 Objective 1 

In contrast to higher resource settings, South African and other African countries 

encounter several challenges regarding infrastructure, procuring tissue and human 

resources necessary for biobanking. Consequently, obtaining ESCC samples is 

challenging. First, we established a protocol to obtain good quality samples for genomic 

research in a resource limiting setup that only requires RNAlater, a standard refrigerator 

and a -20°C freezer. The workflow we provide is practical and cost effective and could 

also be applied to other types of tumour tissues.  

6.2 Objective 2 

Carcinogenesis is usually accompanied with genome-wide methylation changes (Pfeifer, 

2018). After obtaining good quality nucleic acid for methylome and transcriptome 

sequencing, we attempted to identify whether DNA methylation changes across the 

genome were associated with transcriptome wide gene expression changes. The genetic 

contribution of methylome dysregulation in African ESCC is limited. Only one other cancer 

study investigating cervical carcinoma utilized methylome and transcriptome data in an 

African cohort (Gagliardi et al, 2020).  

It is possible to sequence all 28 million CpG sites in the human genome using whole-

genome bisulfite sequencing (WGBS). However, this method is costly, laborious and not 

practical (Suzuki et al, 2018). At the time this study was initiated, several previous and 

current studies employed the 450k or 850k microarray assay from Illumina for ESCC 

methylation profiling (Kishino et al, 2016; Lu et al, 2019; Peng et al, 2016; Talukdar et al, 

2021). Both kits target ~ 450 000 or 850 000 CpG sites respectively. Since microarrays 

only target a set of predefined sequences and also taking onto consideration that African 
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populations have the highest levels of genetic diversity and phenotypic variations across 

all populations, we chose a sequencing approach to integrate methylation status across 

DMRs between our normal and tumour groups. NGS is more flexible than microarrays 

and is independent of previously selected targets, thus, allowing for higher discovery 

potential. Indeed, in our cohort we compared the 850k array to the TruSeq EPIC assay 

and found that only 257 CpG sites from the 850K array fell within the 1163 enhancer 

DMRs identified with the TruSeq EPIC assay. After sequencing, we had to choose a 

bioinformatics pipeline to determine methylation status and assign DMRs. Several 

methods exist and each has advantages and disadvantages. We opted for a practical 

method to analyse methylation calling based on the number of CpGs across a DMR and 

the depth of coverage of ≥10x. This is the recommended depth of coverage for 

methylation sequencing based on analysis of several high coverage reference data sets 

(Ziller et al, 2015) and recommendations provided from the supplier of the assay (“TruSeq 

Methyl Capture EPIC Library Prep Kit Documentation,” 2022.). Furthermore, it was also 

shown that at this depth there is a strong correlation between sequencing and arrays 

regardless of the mapping tool used (Silva et al, 2021).  

For our analysis, we first generated methylation calling of each individual CpG across our 

two groups. Differential methylation across the tumour methylome revealed 

predominantly hypomethylated CpGs (67%) in tumour samples compared to 

hypermethylated CpGs, a ubiquitous feature of carcinogenesis (Ehrlich, 2009). PCA 

analysis showed us that although the intra cluster variation was broad, most of the ESCC 

and normal tissues clustered separately After generating methylation calls, we inferred 

DMRs between our two groups using MethylKit®. Methylkit segments the methylome 

based on change-point analysis. We looked at DMRs distributed across gene features 

and most DMRs were located in promoter and intergenic regions. The proportion of 

hypermethylated promoters was highest in promoters (40%), in accordance with site 

specific methylation being a common feature across the tumour methylome (Nishiyama 

and Nakanishi, 2021b). We then identified DMRs such as promoters and enhancers that 

inversely correlated with gene expression. A key finding in our study was the identification 

of one hyper-down promoter (KRT13), two Hypo-up promoters (CDC42EP3 and TNC) 

and one Hypo-up enhancer (COL6A1) all of which belong to the ECM.   
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The ECM is a 3D structure that provides structural support and participates in range of 

activities from cell adhesion, migration, proliferation to cell differentiation and cell death 

(Lu et al, 2012).  During cancer or other pathological processes ECM dynamics are 

dysregulated (Lu et al, 2012) through degradation, hyperproduction or alteration (Naba et 

al, 2016). Components in ECM remodelling and degradation include: proteoglycans, 

glycoproteins, fibrillar collagens, elastin, fibronectin, laminin and nidogen (Daley et al, 

2008; Vakonakis and Campbell, 2007). Remodelling of the ECM can involve removal of 

one of its components. Fibrillar collagens and elastin contribute to tensile strength and 

viscoelasticity of tissue, while the other proteins are involved in building the matrix 

network (Daley et al, 2008; Vakonakis and Campbell, 2007). The major enzyme in ECM 

remodelling belongs to the metalloproteinases which is made up of two main families: 

matrix metalloproteinase (MMP) and a disintegrin and metalloproteinase with 

thrombospondin motifs (ADAMTS) (Cawston and Young, 2010). 

KRT13 is an intermediate filament that belongs to a group of tough fibrous proteins found 

on the moist lining (mucosae) of the esophagus, mouth, genitals, nose and anus (Moll et 

al, 1982). Intermediate filaments protect the mucosae from frictional damage or any other 

daily physical stress. Several studies in bladder cancer have shown downregulation of 

KRT13 in advanced stage and high-grade bladder cancer (Celis et al, 1996; Moll et al, 

1982; Schaafsma et al, 1990; Southgate et al, 1999; Worst et al, 2014). A later study 

showed that hypermethylation of KRT13 leads to downregulation of the gene in 

aggressive bladder cancer (Marsit et al, 2010).  It has been suggested that this correlation 

falls in line with previous studies in which there is a dedifferentiation of epithelial tumour 

cells into an amesenchymal (EMT) phenotype. During EMT transition, cells are more 

likely to invade and metastasise surrounding tissue as a result of a higher grade of 

plasticity (Craene and Berx, 2013; Dave et al, 2012; Worst et al, 2014). KRT13 works 

together with KRT4 to form intermediate filaments essential for structural support for the 

mucosae layer (Shibuya et al, 2003). In our study both KRT13 and KRT4 were also 

downregulated (FDR ≤0.05 and a ≥2-fold change in gene expression). White Sponge 

Nevus (WSN) disease is an autosomal dominant disease characterised by mutations in 

KRT4 and KRT13 (Qiao et al, 2022). As a result, this leads to the production of damaged 

intermediate filaments, inflammation and abnormal proliferation and division of epithelial 
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cells (Qiao et al, 2022).  Histologically WSN is characterised by the keratinisation of 

surface cells and it has been suggested that lesions derived from other congenital 

diseases including squamous cell carcinomas exhibit the same appearance as WSN. 

Since half of our cohort displayed keratinising carcinoma (Table 4- 1), which could be 

attributed to a lack of intermediate filaments as a result of hypermethylation and 

downregulation of KRT13 and downregulation of KRT4.  

Cancer-associated fibroblasts (CAFs) are spindle-shaped cells that build up and remodel 

the ECM structure and is a dominant component of the tumour stroma (Kalluri, 2016).  

The functions of CAFs include matrix remodelling, invasion, angiogenesis and promoting 

tumour growth (DuFort et al, 2011; Gaggioli et al, 2007). In our cohort Cdc42Ep3 showed 

a Hypo-up status. Cdc42EP3, also known as BORG2, has been shown to induce CAFs 

by coordinating actin and septin networks (Calvo et al, 2015). Without the expression of 

Cdc42EP3, CAFs are unable to remodel the ECM resulting in reduced matrix stiffness 

and cancer cell invasion (Calvo et al, 2015). It is also important to note that the FAP gene, 

a type-II transmembrane serine protease, is almost exclusively expressed in pathological 

conditions including cancer, arthritis and fibrosis (Fitzgerald and Weiner, 2020). FAP was 

one of our candidate genes that was highly overexpressed with a 5-fold increase and a 

significant p value (<0.05) in our tumour ESCC samples compared to matched normal 

tissue. FAP expression results in poor clinical outcomes through its effects on remodelling 

of the ECM. FAP also affects angiogenesis, epithelial-to-mesenchymal transition, 

immunosuppression and regulation of intracellular signalling. Since over expression of 

both FAP and Cdc42EP3 affect matrix remodelling, these two genes overexpression may 

severely impact the ECM.  

TNC was another Hypo-up gene identified in our study. Tenascin-C (TNC) is a ECM 

glycoprotein that is highly expressed in the tumour microenvironment (TME) and 

promotes proliferation, invasion and tumour cell survival (Sun et al, 2018). TNC 

expression is limited in normal adult tissue, however, TNC is re-expressed in several 

diseases including lesions that undergo remodelling, tissue repair and cancers. TNC 

expression is associated with a poor patient survival prognosis in several cancer types 

(Midwood et al, 2016; Orend and Chiquet-Ehrismann, 2006). Under normal 
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circumstances, expression of TNC expression is tightly controlled. However, in cancer, 

TNC is highly expressed around blood vessels, in matrix fibres and orchestrating an 

immunosuppressive tumour microenvironment and promoting metastasis (Yilmaz et al, 

2022). In glioblastoma, high TNC levels were found to be associated with tissue stiffness 

(Miroshnikova et al, 2016). In ESCC Yang et al showed that TNC expression was highly 

expressed in their cohort of 136 ESCC samples. Furthermore, TNC expression also 

correlated with expression of four CAF markers: PDGFRα, PDGFRβ, SMA, FAP (Yang 

et al, 2016). We also found over expression of FAP in our cohort.  

Taking advantage of our high resolution methylome assay, we were able to 

interrogatemethylation levels of enhancers between our two groups. The only enhancer 

that fit our criteria and showed significant methylation variations (≥20%) with q-value 

≤0.01 and that also had an inverse relationship to RNA expression (FDR ≤0.05 and a ≥2-

fold change in gene expression) was COL6A3. Collagen is made up of 3 alpha chains: 

alpha-1 (VI) and alpha-2 (VI) chains, the alpha-3 (VI). COL6A3 encodes for the largest of 

these alpha chains, the alpha-3 (VI) chain which has more domains compared to the other 

alpha chains (Zanussi et al, 1992). These domains organise matrix components (Zanussi 

et al, 1992). COL6A3 is also highly expressed in several malignancies (Wang and Pan, 

2020) including ESCC (Nanda et al, 2004). There have been two proposed mechanisms 

of overexpression of COL6A3 in cancers: alternate splicing (Arafat et al, 2011) and 

aberrant methylation (Hyman et al, 2015; Maekawa et al, 2013). In uterine leiomyoma 

and glioblastoma, COL6A3 was shown to be hypomethylated and over expressed 

(Hyman et al, 2015; Maekawa et al, 2013). It has been suggested that these findings may 

have implications for tumour progression and may also have diagnostic and prognostic 

potential in cancer (Wang and Pan, 2020). Collagen provides strength, regulates cell 

adhesion and is the most abundant fibrous protein within the interstitial ECM constituting 

up to 30% of the total protein mass (Rozario and DeSimone, 2010). An extensive study 

that used expression data from 275 ESCC cases from the GEO and TCGA databases 

identified 22 collagen family genes that were highly over or under expressed. The authors 

suggested a 7-gene panel to predict the prognosis in ESCC patients as this was shown 

to better predict ESCC patient survival compared to the TNM staging model (Li et al, 

2019).  Two of these genes overlapped with our cohort: COL10A1, COL11A1. We also 
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found additional collagen family member genes that were significantly highly expressed 

(FDR ≤0.05 and a ≥2-fold change in gene expression). These collagen family members 

include: COL12A1, COL13A1, COL16A1, COL1A2, COL4A6, COL5A1, COL6A3, 

COL7A1 and COX6B2.  

Taken together our findings suggest that the inverse relationship between 

hypomethylation and gene expression of two promoters (Cdc42Ep3 and TNC) and  one 

enhancer (COL6A3) all point to remodelling of the ECM, that may promote tumour 

invasion and angiogenesis. This coupled with Hyper-down KRT13 and concomitant loss 

of protection of mucosae lining in the esophagus, all result in dynamic deregulated and 

disorganised changes to the ECM which could be the main molecular driving force in our 

African ESCC cohort. Unlike other signalling pathways previously described to be 

enriched or disrupted in ESCC (described in Chapter 1), our transcriptome data heavily 

points point dysregulation of the ECM with most of the genes belonging to the families of 

serine proteases and collagen members responsible for degradation of the ECM. 

Mutations in the tumour suppressor gene TP53 are seen in a variety of gastrointestinal 

cancers, including ESCC (Sankalecha et al, 2017). TP53 mutations are one of the most 

common aberrations in ESCC, occur in the early phases, throughout all stages and 

progression of ESCC and are thought to be one of the main drivers of ESCC (Zhong et 

al, 2023). There has been some link between TP53 mutations and the ECM. Cancers 

with TP53 mutations have shown to have an enhanced production of ECM proteins, such 

as collagens and fibronectin, prompting a tumour-supportive microenvironment (Procopio 

et al, 2015). Additionally, a recent study in pancreatic ductal adenocarcinoma revealed a 

high correlation between cancer aggressiveness and interaction among driver mutations 

like TP53, the ECM, and tumour acidosis. Consequently, it is suggested that treatments 

that target acidosis should be taken into consideration for upcoming treatment 

(Czaplinska et al, 2023). It will be interesting to determine the mutational status of TP53 

in our cohort. This observation may imply that TP53 mutations are driving ESCC in African 

patients in conjunction with the ECM. 
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6.3 Proposed Model for ECM Remodeling in ESCC Through Aberrant Methylation and 

Therapeutic Implications 

Taking our findings into consideration, we propose that aberrant methylation of key ECM-

related genes (e.g., KRT13, Cdc42EP3, TNC, and COL6A3) significantly contributes to 

ECM remodeling in ESCC, ultimately promoting tumor invasion and progression. 

Specifically, the hypermethylation and downregulation of KRT13 could weaken the 

esophageal mucosal barrier, enhancing epithelial-to-mesenchymal transition (EMT) and 

increasing the invasive potential of tumor cells. Conversely, hypomethylation and 

upregulation of Cdc42EP3 may activate cancer-associated fibroblasts (CAFs), leading to 

increased ECM stiffness and facilitating cancer cell invasion. Similarly, the upregulation 

of TNC and COL6A3 could disrupt ECM homeostasis by promoting matrix rigidity and 

angiogenesis, fostering a pro-tumor microenvironment. These findings suggest that 

targeting ECM components and pathways, such as CAF activation, MMP activity, and 

collagen deposition, offers a therapeutic opportunity to mitigate ECM-driven ESCC 

progression, particularly when combined with conventional treatments targeting known 

mutations like TP53. 
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Figure 6-1: The figure illustrates the proposed model for ECM remodeling in ESCC. This 

model is driven by aberrant methylation of key ECM-related genes (KRT13, Cdc42EP3, 

TNC, and COL6A3). It highlights the effects of hypermethylation and hypomethylation 

events on gene expression and subsequent ECM changes, such as loss of mucosal 

protection, activation of cancer-associated fibroblasts (CAFs), increased matrix stiffness. 

6.4 Limitations of the Study 

The limitation of our study is that we tested a small cohort of ESCC samples. This was 

mainly due to the cost of sequencing to ensure that we could obtain high quality data with 

that could interrogate 3.3 million CpG sites at a depth of coverage >10, and to sequence 

matched transcriptome data with sufficient reads (~20 million reads per sample). Our 

findings must be tested on a larger African ESCC cohort. Another limitation is the 

integration of mutational data which may further inform on the sequence of events in 

ESCC carcinogenesis. 
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6.5 Future Studies 

Our group intends to collect and perform methylation sequencing of our candidate genes 

on more ESCC samples once funding becomes available. Various initiatives are ongoing 

in our ESCC research group (Prof. C Mathew, Dr Pascale Willem). This includes exome 

sequencing on the same samples in our cohort to identify mutation signatures and driver 

genes and GWAS studies. Together, genomics studies would potentially allow us to 

contribute to precision medicine by defining the ESCC subtype more clearly in African 

populations. 

6.6 Conclusion 

In conclusion, the work presented in this thesis demonstrated important findings regarding 

ESCC in Southern Africa. First, we demonstrated the viability and feasibility of isolating 

high-quality nucleic acids for genomic studies in a limited resource setting.  

We identified genes previously shown to have differential methylation levels in ESCC from 

other studies listed in Chapter 4. Our main findings were gene promoters and an enhancer 

whose methylation levels also inversely correlated with RNA expression that belonged to 

the ECM. Additional methylome studies with larger sample sizes are required to detect 

more of the genetic contribution to African ESCC and to target an epigenetic regulator of 

ESCC in African populations. 
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Supplementary Information: Chapter 2 

The commands used for each step for NGS analysis for the entire project can be found using this 

link below. 

Due to the size of the file Supplementary document 2.1 is in a digital word document file. 

Link:  

https://docs.google.com/document/d/1SV0XU7J8AMpaNjO0JO6nn8XgJmkEoZvE/edit 

 

Raw data for methylome data in the form of COV files can be downloaded using this link: 

Supplementary folder 2.1 

Link: 

https://drive.google.com/drive/folders/1SkF6CHirQzyyXnOhEc3fgrjaBw4iCwaO?usp=share_link 

 

Raw data for RNA sequencing in the form of count files can be downloaded using this link: 

Supplementary folder 2.2 

Link: 

https://drive.google.com/drive/folders/1dIHV3HSdoriI3GXxzeOPiJP9kplZWnB1?usp=share_link 

 

https://docs.google.com/document/d/1SV0XU7J8AMpaNjO0JO6nn8XgJmkEoZvE/edit
https://drive.google.com/drive/folders/1SkF6CHirQzyyXnOhEc3fgrjaBw4iCwaO?usp=share_link
https://drive.google.com/drive/folders/1dIHV3HSdoriI3GXxzeOPiJP9kplZWnB1?usp=share_link
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Figure S4- 1: Pathways analysis from methylome profiling Pathways associated with the most relevant BPs (A), KEGG (B) 
and Reactome (C) using differentially methylated promoters (20% methylation difference and q-value <0.01) 
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Figure S4- 2: Enhancer Pathway Analysis Supplementary Figure S4- 2 Enhancer DMR pathway enrichment. Most enriched 
pathways from hypomethylated (A) enhancers identified with Reactome. Most enriched pathways from hypermethylated (B) 
enhancers identified with Gene Ontology: Biological Process. 
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Figure S4- 3: Pathways enriched after transcriptome analysis A KEGG and B Reactome  
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Supplementary Tables  

Supplementary table 4.1: 

Enhancers in the vicinity of genes which displayed ≥10% difference in methylation 

between normal and tumour group. 

Meth.diff = methylation difference 

n.cpgs = number of CpGs 

UTR = Untranslated Region 

Due to the large size of these Supplementary tables, the tables are provided in digital link 

(excel file). 

Link: 

https://drive.google.com/drive/folders/1dIHV3HSdoriI3GXxzeOPiJP9kplZWnB1?usp=sh

are_link  

Supplementary table 4.2: 

Tab 1: Integration of gene promoter methylation levels with RNA expression between 

normal and tumour group. 

Tab 2: Integration of gene enhancer methylation levels with RNA expression between 

normal and tumour group. 

Seg.mean = segment mean methylation (percentage) 

Seg.group = segment group (hypomethylated or hypermethylated) 

abs.diff = absolute difference in methylation 

fdr = false discovery rate 

Link: https://docs.google.com/spreadsheets/d/1hLceNRDsSK1-

A9oYKeJoFCQZmOZHqGnH/edit?usp=share_link&ouid=115380236071882997506&rtp

of=true&sd=true  

  

https://drive.google.com/drive/folders/1dIHV3HSdoriI3GXxzeOPiJP9kplZWnB1?usp=share_link
https://drive.google.com/drive/folders/1dIHV3HSdoriI3GXxzeOPiJP9kplZWnB1?usp=share_link
https://docs.google.com/spreadsheets/d/1hLceNRDsSK1-A9oYKeJoFCQZmOZHqGnH/edit?usp=share_link&ouid=115380236071882997506&rtpof=true&sd=true
https://docs.google.com/spreadsheets/d/1hLceNRDsSK1-A9oYKeJoFCQZmOZHqGnH/edit?usp=share_link&ouid=115380236071882997506&rtpof=true&sd=true
https://docs.google.com/spreadsheets/d/1hLceNRDsSK1-A9oYKeJoFCQZmOZHqGnH/edit?usp=share_link&ouid=115380236071882997506&rtpof=true&sd=true
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Supplementary table 4.3: 

Tab 1: Hypo-up promoters. 

Tab 2: Hyper-down promoters. 

Tab 3: Hypo-up enhancers. 

Tab 4: Hyper-down enhancers. 

Link: 

https://docs.google.com/spreadsheets/d/1OVd2IHLZSgWlMIid_U3b9ifY5CWC6xxk/edit

?usp=share_link&ouid=115380236071882997506&rtpof=true&sd=true  

 

 

https://docs.google.com/spreadsheets/d/1OVd2IHLZSgWlMIid_U3b9ifY5CWC6xxk/edit?usp=share_link&ouid=115380236071882997506&rtpof=true&sd=true
https://docs.google.com/spreadsheets/d/1OVd2IHLZSgWlMIid_U3b9ifY5CWC6xxk/edit?usp=share_link&ouid=115380236071882997506&rtpof=true&sd=true
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Figure S5- 1: Pathways enriched from transcriptome data across KEGG 
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Supplementary table 

 

Supplementary table 5.1: 

List of all genes which had a 2-fold change in expression level (up or down) and a 

significant FDR (≤0.05) 

 

Due to the large size of this table, it is provided in digital link (excel file). 

 

Link: 

https://docs.google.com/spreadsheets/d/1gFW4D9MRJO_f9zLDcEJTN2DUKn1mFma9/

edit?usp=share_link&ouid=115380236071882997506&rtpof=true&sd=true  
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The data produced in this study will be made accessible through the Gene Expression Omnibus 

(GEO) repository. 
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This letter is in support of Mr M Moodley’s PhD submission. The Turn-It-In Originality 

report for his thesis returned a similarity index of 30%. This is due to the inclusion of his 

original published manuscripts as part of the thesis submission: 

1. Ferndale, L., Moodley, M., Chen, W.C., et al.2021b. Processing and analysis of tissue 

samples from esophageal cancer patients in an african setting. Biopreserv Biobank. 

doi:10.1089/bio.2021.0030 

 

Please refer to the Originality report attached. The top two matches, accounting for 50% of 

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

 

Yours sincerely, 

 

Dr Pascale Willem, MD and PhD 

Medical Geneticist in Human Genetics and Oncology 

Wits Diagnostic Innovation Hub, University of the Witwatersrand, South Africa 

Email: pwillem@witsdih.ac.za  

mailto:pwillem@witsdih.ac.za
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