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Abstract 

Oesophageal cancer (OC) is the eleventh most diagnosed cancer and the seventh most common 

cause of cancer-related deaths worldwide. The two main subtypes are oesophageal 

adenocarcinoma (OAC) and oesophageal squamous cell carcinoma (OSCC). OAC is more 

common in North America and Europe, while OSCC predominantly occurs in Eastern Asia, Sub-

Saharan Africa and Latin America. Over 80% of the OSCC cases and deaths worldwide occur in 

less developed regions, including Sub-Saharan Africa. The asymptomatic development of OSCC, 

results in late diagnosis of the disease with a poor prognosis, typically ranging from 5-10% at 5-

year post-diagnosis in Africa.  

 

This study investigated the genomic landscape of OSCC in the South African population by 

whole-genome sequencing (WGS) and whole-exome sequencing (WES). Normal and tumour 

DNA and RNA was isolated from OSCC patient biopsies prior to the commencement of any form 

of chemotherapy or radiotherapy. WGS was performed on 31 samples, while WES was conducted 

on 67 samples. The mRNA levels of selected genes in OSCC were quantitated by RT-qPCR. 

KYSE30 cells were used for siRNA-mediated knockdown experiments targeting p14ARF and 

p16INK4a in OSCC. In silico structural analysis of missense mutations in p14ARF and p16INK4a 

was conducted using UCSF Chimera tool.  

 

WGS analysis identified 35 frequently mutated genes in OSCC, among these, TP53, 

CDKN2A.p16INK4a, CDKN2A.p14ARF, and KMT2D were identified as OSCC driver genes. 

Based on the mutation spectrum analysis, samples clustered into two distinct groups, cluster 1 

and cluster 2b, characterized by TP53 alterations and mutation rates per megabase (Mb). WES 

expanded findings across 67 samples, identifying TP53, NFE2L2, CDKN2A.p16INK4a, ZNF750, 

and NOTCH1 as OSCC driver genes. Samples clustered into three groups: cluster 1, cluster 2a, 

and cluster 2b, expanding upon the two clusters identified in our WGS analysis. In both WGS 

and WES analyses, cluster 1 exhibited TP53 mutations and relatively high somatic mutation rates 

per Mb, while cluster 2 lacked TP53 mutations. Cluster 2 is further subdivided into clusters 2a 

and 2b in WES. Cluster 2a samples display a high mutation rate per Mb, while cluster 2b samples 

display fewer genomic alterations. By quantifying the contribution of the mutational signatures 

to the mutation spectrum, we found a relatively high contribution of mutation signature SBS1, 

SBS2, and SBS13, implicating aging and AID/APOBEC (activation-induced cytidine 

deaminase/apolipoprotein B mRNA editing enzyme catalytic subunit) activation in OSCC 

tumourigenesis. WGS analysis revealed three novel mutational signatures that had not been 

previously identified. Interestingly, these signatures were not observed in the samples analysed 



 xiii 

by WES, even though the WES cohort included a larger sample size. The significance of these 

novel mutational signatures remains unclear.  

 

Evaluation of selected differentially expressed genes in OSCC involved in cell cycle control, the 

KEAP1-NFE2L2 (NRF2) pathway, and DNA damage response pathways showed variable 

expression of these genes in OSCC suggests potential dysregulation of the genes in OSCC. 

Furthermore, p16INK4a and p14ARF mRNA levels were significantly lower in 61% and 48% of 

OSCC tumour samples, respectively, while elevated levels were observed in 16% and 25% of 

tumours, respectively. Knockdown of p14ARF and p16INK4a in KYSE30 cells resulted in 

dysregulation of key regulators involved in multiple cancer signalling pathways, including cell 

cycle, apoptosis, and KEAP1-NFE2L2 pathways. This dysregulation could promote cell survival, 

growth of apoptosis-resistant cells, and resistance to stress, which are critical events in 

tumorigenesis. In-silico mutation analysis revealed damaging mutations in p16INK4a, such as 

p.A68V, p.D84N, p.D108H, p.D108N, p.D108Y, and p.L130P. These mutations cause significant 

structural alterations that disrupt interactions crucial for p16INK4a stability and function, 

possibly affecting cell cycle regulation and potentially promoting tumorigenesis in OSCC.  

 

Our findings highlights novel molecular features of OSCC and provides comprehensive insights 

into the genomic and molecular mechanisms driving OSCC within the South African population. 
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Chapter 1  

Literature Review 
 

1.1 Oesophageal squamous cell carcinoma  

Histologically, there are two major types of OC: oesophageal squamous cell carcinoma 

(OSCC) and oesophageal adenocarcinoma (OAC) (Figure 1.1) [1, 2]. OSCC typically develops 

in the middle and upper parts of the oesophagus, originating from squamous cells in the 

oesophageal lining through the progression of premalignant precursor lesions. These lesions 

often arise due to chronic irritation and inflammation induced by various risk factors [3-5]. 

OSCC’s aetiology is multi-factorial, with studies highlighting excessive tobacco smoking and 

alcohol consumption as major contributors to the disease [6-9]. Furthermore, dietary factors 

such as a diet low in fresh fruits and vegetables leading to low antioxidant levels and vitamin 

deficiencies also contribute to development of OSCC [10]. On the other hand, OAC arises from 

glandular cells in the lower third of the oesophagus [11]. Risk factors commonly associated 

with oesophageal adenocarcinoma include a high body mass index, Barrett's oesophagus, and 

gastroesophageal reflux disease (GERD) [12].  

 

 
Figure 1.1 Location of the two major subtypes of oesophageal cancer. 

Oesophageal squamous cell carcinoma is typically diagnosed in the upper and middle thirds of the 

oesophagus, while oesophageal adenocarcinoma predominantly occurs in the lower third of the 

oesophagus and at the gastro-oesophageal junction. Source: ICD–10, WHO [13]. 
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OSCC (the focus of this study) can be an aggressive cancer and is often diagnosed at an 

advanced stage due to its asymptomatic development, lack of early diagnostic markers, and 

limited effective treatments [3, 14-17]. Survival rates for OSCC remain low, typically ranging 

from 5-10% at 5-year post-diagnosis, especially in developing countries such as Sub-Saharan 

Africa (SSA) countries [18, 19]. Common symptoms of OSCC include dysphagia (difficulty 

or pain while swallowing), weight loss and chronic indigestion, although these may all reflect 

fairly advanced stage symptoms [11]. 

 

1.2 Epidemiology of oesophageal cancer 

Worldwide, OC is the eleventh most common cancer, and the seventh most common cause of 

cancer related deaths [20]. The highest rates are observed in East Asia, Eastern and Southern 

Africa, and some parts of Europe, with Malawi having the highest incidence rates worldwide 

in both men and women (Figure 1.2). Additionally, it is the leading cause of cancer death 

among men and women in Bangladesh, as well as among men in Malawi and Botswana [20, 

21]. However, epidemiological data may be less accurate due to inadequate cancer reporting in 

many African countries. One distinctive epidemiological characteristic of OC is its uneven 

geographic distribution (Figure 1.3), which is attributed to differences in underlying risk factors 

for the two most common subtypes [1, 2]. Among the histological subtypes, OSCC is the most 

prevalent worldwide [5], with high incidence rates in specific regions of the world such as 

South America, and the two high-risk belts: the “Asian oesophageal cancer belt” spanning 

central Asia, from Northern Iran through the Central Asian republics to North-Central China, 

and the “African oesophageal cancer corridor” extending from eastern to southern regions of 

SSA [22-24]. In contrast, OAC is the dominant subtype in high-income countries including the 

United States, Australia, Finland, France, and the United Kingdom [1, 25].
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Figure 1.2 Age-standardized oesophageal cancer incidence rates by world and per sex in 2022. 

(A) Oesophageal cancer incidence and mortality rates, both sexes, per regions; (B) Oesophageal cancer incidence rates, per sex, per region. Oesophageal cancer

incidence rates vary internationally, with the highest rates observed in Eastern Asia and Eastern Africa, with Malawi having the highest incidence rates

worldwide in both men and women. Bar chart depicts the region ‐ specific incidence age ‐ standardized rates of oesophageal cancer in 2022, categorized by sex.

The rates are shown in descending order. Values for each world area correspond to incidence of oesophageal cancer per 100,000 individuals among males (left)

and females (Right). Data source: GLOBACAN 2024, Cancer today| IARC, (http://gco.iarc.fr/today), accessed 06 June 2024 [21].
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Figure 1.3 Worldwide age-standardized incidence and mortality rates (per 100,000 

individuals) of oesophageal cancer (including both OSCC and OAC) in both sexes in 2022. 

(A) Oesophageal cancer incidence; (B) Oesophageal cancer mortality. The highest incidence and 

mortality rates of OC, especially OSCC, are observed in developing countries such as those in Eastern 

to Southern regions of Sub-Saharan Africa, parts of Asia such as China, India, and South America. 

Additionally, high incidence rates of OAC are observed in certain European countries, such as the 

United Kingdom, France, and Portugal. Data source: GLOBACAN 2024, Cancer today| IARC, 
(http://gco.iarc.fr/today), accessed 01 May 2024 [21]. 

 

In the African continent, the incidence of OSCC is more than 20-fold higher than in developed 

countries [22]. Specifically, Malawi, Kenya, and Uganda report the highest OSCC incidence 
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rates in SSA, with Malawi leading at 17.9 cases per 100,000 individuals, followed by Uganda 

at 13.2 and Kenya at 13.0 per 100,000 individuals [21, 26, 27]. According to Ferlay et al., 

OSCC is the second cause of cancer death among men and third cause of cancer death among 

women of Eastern Africa, while in Southern Africa, it is the third most common cause of 

cancer-related death among men [28]. In South Africa, OSCC has an incidence rate of 6.4 per 

100,000 individuals [21]. It ranks the seventh most common type of cancer and the sixth 

leading cause of cancer death nationwide, with the Eastern Cape province exhibiting one of the 

highest rates in the country [21, 29]. Despite its significant incidence across African countries, 

OSCC aetiology and molecular landscape remain understudied [30]. To address this research 

gap, the members of African Esophageal Cancer Consortium (AfrECC) has undertaken several 

studies in recent years [31]. 

 

1.3 Aetiology of OSCC 

Several factors contribute to the risk of OSCC, including lifestyle choices, environmental risk 

factors and genetic factors [32-36]. Tobacco use and alcohol consumption are considered as 

major risk factors for OSCC [6, 11, 36-42]. Various risk factors are implicated in OSCC 

development, particularly in high-incidence areas. These include age, which stands out as the 

most significant risk factor of OSSC and many other cancer types [43-45]. Exposure to 

polycyclic aromatic hydrocarbons (PAHs) exposure from biomass combustion [46-49], dietary 

factors such as micronutrient deficiencies [37, 50-52], consumption of hot foods and beverages 

[53-56], poor oral hygiene [57] and viral infection [58, 59] also play roles in OSCC 

development. Furthermore, genomic alterations and epigenetic modifications play a role in 

OSCC development [60-64]. Both inherited and somatic genetic alterations contribute to 

OSCC development [65-68]. 

 

1.3.1 Environmental and lifestyle risk factors 

1.3.1.1 Smoking and alcohol consumption 

Tobacco smoke contains several carcinogens, including nitrosamines, polycyclic aromatic 

hydrocarbons, and acetaldehyde [69], while the alcohol carcinogenic effects arises from its 

metabolite, acetaldehyde, rather than alcohol itself [70]. Tobacco exposure includes pipe 

smoking, cigars, hookah, and chewing tobacco [71]. The intensity and duration of exposure 

have been reported as relevant factors in the risk of developing OSCC [72]. Numerous studies 

have identified tobacco smoking and alcohol consumption as significant risk factors for OSCC 
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[36, 37, 73-75]. There is evidence suggesting that tobacco and alcohol may interact 

synergistically, increasing the risk of OSCC beyond that predicted by either one alone [76].  

 

In lower income countries, such as in parts of Asia and Sub-Saharan Africa, additional 

suspected risk factors for OSCC have been reported [25], consistent with the observation that 

over 60% of cases in many studies are non-smokers [39]. Furthermore, a subsequent study in 

the Taihang Mountains of China found no smoking mutation signatures in OSCC patients, and 

there was no significant difference in the frequency of smoking-related mutations between 

smokers and non-smokers in OSCC cases [77].  

 

1.3.1.2 Age 

While aging is typically considered a natural process rather than a pathology, and not all elderly 

individuals develop cancer, most cancer risks increase with age, making them age-related 

diseases [78]. There is a notable correlation between advanced age and increased cancer 

incidence [79, 80]. DePinho suggests that the cumulative effects of aging molecular and 

physiological processes, including mutation accumulation, epigenetic alterations, telomere 

dysfunction, and alterations in the stromal environment, contribute significantly to cancer 

development, particularly epithelial cancer [79]. In addition to environmental exposures and 

habits, age stands out as one of the strongest risk factors of OSSC and numerous other cancer 

types [45]. OSCC, for instance, predominantly affects older individuals. Studies in India and 

China indicate that the majority of oesophageal cancer cases occur in individuals aged over 50, 

and between 60–69 years, respectively [81-84]. However, despite age being a significant factor 

in the development of OSCC, it does not fully account for the striking geographic disparities 

in the OSCC incidence between high-risk and low risk-regions. This implies that age alone 

may not be an independent risk factor. 

 

1.3.1.3 Diet  

Several studies have reported a significant association between dietary habits and the risk of 

developing OSCC. Diets rich in anti-oxidant-containing vegetables and fruits may lower the 

risk of OSCC [37, 50, 51, 85], whereas diets high in processed foods, exposure to carcinogens 

from red meat, and excessive salt intake may increase the risk [37, 85, 86]. Ironically, the 

consumption of some wild vegetables such as umsobo (Solanum nigrum), lima beans, maize 

and pumpkin was associated with increased risk of OSCC in a study conducted in South 
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African population [87]. This association could be attributed to the presence of protease 

inhibitors in Solanum nigrum, beans, and pumpkin [87]. Epidermal growth factor and 

transforming growth factor-α are produced in significant amounts by the salivary glands and 

are present in the oesophageal lumen. Additionally, the oesophageal mucosa secretes its own 

growth factors, which are crucial for the repair and regeneration of the oesophageal lining. 

These growth factors are broken down by luminal proteases such as pepsin and trypsin, which 

are found in the gastric contents that periodically reflux into the oesophageal [87-89]. However, 

if protease activity is inhibited in the stomach and subsequently in the lower oesophagus, it can 

lead to an overexpression of growth factors in the oesophagus, creating an environment 

conducive to proliferation and oncogenesis [87].  

 

Additionally, there is a strong association between consumption of hot foods and beverages 

and OSCC across various populations [7, 9, 48, 54-56]. The mechanism through which heat-

induced lesions can contribute to OSCC development is not fully understood [54]. However, 

some studies suggest that sustained thermal injury increases the risk of OSCC by inducing 

inflammatory processes, which could directly impact DNA integrity or increase the exposure 

of the oesophageal mucosa to luminal carcinogens including N-nitroso compounds and 

polycyclic aromatic hydrocarbons [54, 90-92]. 

 

1.3.1.4 Indoor air pollution: polycyclic aromatic hydrocarbons (PAHs) exposure 

In some communities of Africa, Asia, and South America, carbon-containing flammable 

materials such as wood, coal, gas, or biomass are the primary source of fuel for cooking and 

heating [93]. The incomplete combustion of organic materials represents a major source of 

indoor exposure of toxic, mutagenic and carcinogenic PAHs and nitro-PAHs [94]. Besides 

tobacco use, individuals can be exposed to PAHs through the combustion wood, coal or dung 

in open fires for cooking or heating, as well as from certain dietary sources [46, 95]. PAHs 

such as benzo[a]pyrene are known to exert carcinogenic and mutagenic effects [96]. Moreover, 

exposure to nitro-PAHs like 1,6-Dinitropyrene has been linked to various mutations, including 

G:C→A:T transitions and G:C→T:A transversion, in mice [97].  

 

Studies in China, Brazil and Iran have highlighted low levels of tobacco and alcohol 

consumption alongside with high exposure to carcinogenic PAHs in their populations, possibly 

due to extensive use of coal and wood for cooking and heating. This exposure could contribute 
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to the high prevalence of OSCC in these regions [98-101]. Furthermore, elevated PAH-

metabolite levels were associated with indoor cooking with wood on open, unvented stoves 

and the presence of advanced oesophageal dysplasia in Kenyan individuals [46], suggesting 

that PAH exposures increases the risk of OSCC. 

 

1.3.2 Genetic predisposition 

The significant geographic variation in OSCC suggest a notable influence of environmental 

factors on its development. However, genetic factors are also considered to contribute to OSCC 

[32, 33, 60-62, 68, 102-104]. OSCC is influenced by both inherited and somatic genetic 

alterations [67]. Inherited genetic alterations associated with familial syndromes play a 

significant but relatively small role in OSCC development, estimated to contribute about 5-

10% of the risk [105]. Syndromes such as tylosis and Fanconi anaemia are associated with an 

increased risk of various malignancies, including OSCC [67, 106-108]. Tylosis with 

oesophageal cancer is associated with missense mutations in the RHBDF2 gene located at 

17q25 [109]. On the other hand, mutations in Fanconi anaemia predisposing genes; FANCD2, 

FANCE and FANCL have been associated with increased risk of OSCC in Iran [107]. 

Individuals with genetic susceptibility to oesophageal cancer may have an elevated risk of 

developing OSCC when exposed to environmental or lifestyle factors known to increase OSCC 

risk [110, 111]. Furthermore, familial aggregation of oesophageal cancer in Turkmen 

communities in northern Iran was reported to be influenced by environmental factors activating 

genetically predisposed individuals [112].  

 

Certain single nucleotide polymorphisms (SNPs), notably within the aldehyde dehydrogenase 2 

family (ALDH2) and alcohol dehydrogenase 1B (ADH1B), have been associated with OSCC [67, 

113, 114]. These genes are involved in alcohol metabolism, where ethanol is oxidised to 

acetaldehyde by alcohol dehydrogenases, and subsequently acetaldehyde is oxidised to acetate 

by aldehyde dehydrogenase enzymes [115]. Acetaldehyde, a known carcinogen, accumulates 

at higher levels in individuals with genetic variations altering ADH and ALDH activity, thereby 

increasing susceptibility to OSCC among alcohol drinkers [67, 116]. Additionally, alcohol 

flushing, often referred to as the "Asian flush," is a genetic trait characterized by an inability 

to metabolize alcohol properly, primarily due to the ALDH2 deficiency [117, 118]. This trait is 

prevalent in East Asian populations and has been extensively studied in relation to OSCC [72, 

119, 120]. Studies have shown that individuals with the ALDH2 deficiency who experience 
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flushing and consume alcohol moderately or heavily are at a higher risk of developing OSCC 

compared to those without this deficiency [72, 120, 121].  

 

1.4 Somatic alterations in OSCC 

In recent years, numerous molecular studies have characterized somatic mutations in OSCC 

cohorts from different geographic regions using whole-exome or whole-genome sequencing. 

These investigations have revealed frequently mutated genes, driver genes, disrupted 

pathways, copy number alterations (CNAs), and mutation signatures closely associated with 

the OSCC development [22, 77, 122-143]. The numerous somatic mutations and alterations 

reported likely represent the impact of several risk factors on the genomes of exposed 

individuals.  

 

These studies demonstrate frequent mutations in several genes, including TP53, NOTCH1, 

KMT2D, KMT2C, NFE2L2, ZNF750, RB1, FAT1, PIK3CA, EP300, CDKN2A, TNN, CREBBP, 

NOTCH3, TET2, FBXW7, TGFBR2, KDM6A and AJUBA. Furthermore, copy-number changes 

were also observed in genes such as CCND1, CDKN2A, TP63/SOX2, FGFR1, MYC, SHANK2, 

CTTN, PIK3CA, and RB1. These genes play important roles in essential signalling pathways 

including the cell cycle, PI3K-AKT, histone modification, epigenetic regulation pathway, 

NFE2L2-KEAP pathway, Hippo, and NOTCH pathways [77, 122-134, 136-142]. These 

findings provide valuable insights into the underlying genetic landscape and pathogenic 

mechanisms of OSCC, suggesting potential diagnostic, prognostic, and therapeutic markers for 

this disease. 

 

Mutation signatures are distinct patterns of mutations within an organism’s DNA, particularly 

relevant in cancer research, reflecting potential exposure to DNA-damaging agents [144-146]. 

These mutation signatures arise from mutation processes, including exposure to environmental 

factors such as ultraviolet (UV) radiation, or tobacco smoke, as well as defects in DNA repair 

mechanisms. These processes generate unique combinations of mutation types, termed 

‘signatures’ [144-146]. In addition to frequently mutated genes and disrupted pathways, 

various mutation signatures have been commonly reported in OSCC. These include the SBS1 

mutation signature, associated with aging, and APOBEC-mediated mutation signatures, SBS2 

and SBS13 [22, 77, 128, 131, 133, 135, 136, 138]. Beyond these, additional mutation signatures 

have been reported in various OSCC cohorts, some with unknown aetiologies [22, 77, 131, 
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135, 136, 138, 139, 142]. These signatures provide insights into the underlying causes and 

mechanisms of OSCC development. For instance, the presence of SBS1 suggests that age-

related processes may contribute to the mutational landscape of OSCC, implying that older 

individuals might be more susceptible to certain types of mutations associated with increased 

OSCC risk. On the other hand, APOBEC-mediated mutation signatures indicate the 

involvement of APOBEC enzymes in the mutation processes driving OSCC. Different patients 

may exhibit distinct patterns of mutations, potentially reflecting diverse environmental 

exposures and genetic backgrounds. 

 

1.4.1 Frequently altered genes in OSCC 

TP53 is the most frequently mutated gene in OSCC [77, 122-134, 136-141, 143]. It functions 

as a crucial tumour-suppressor gene, and mutations in TP53 alter the function of the p53 

protein, thereby promoting tumorigenesis [147]. Several well-known tumour-associated genes 

such as NOTCH1, CDKN2A, KMT2D and PIK3CA, exhibit frequent alterations across different 

OSCC cohorts including Africa patients [22], East Asian populations such as Chinese, Korean 

and Japanese patients [77, 123-125, 127, 128, 131, 136, 138, 139, 142, 143], Brazilian patients 

[140], and Indian patients [135]. Furthermore, Song et al., [125] identified ADAM29 and 

FAM135B as two novel significantly altered genes in their cohort. FAM135B promotes the 

malignancy of OSCC cells. In another study, Gao et al., [123] showed the tumour-suppressive 

role of EP300 and found that mutations in EP300 were associated with poor survival in OSCC. 

Zhang and others [77] identified FBXW7, FAT1, AJUBA, and ZNF750 as significantly mutated 

genes. Their study revealed that AJUBA knockdown in KYSE140 and KYSE510 cells led to 

increased cell growth, colony formation, cell migration, and cell invasion potentially 

contributing to OSCC tumorigenesis [77]. A subsequent study by Du et al., [131] reported a 

significant correlation between AJUBA mutations and poorer survival among OSCC patients 

[131]. Lin et al., [124], through WES analysis of 139 OSCC samples, identified ZNF750 and 

FAT1 as tumour suppressors frequently mutated in OSCC. A recent study by Cui et al., [136] 

identified NFE2L2 as a tumour suppressor in OSCC, and that NFE2L2 mutations impair its 

tumour-suppressive function and confer oncogenic activities [136]. These findings highlight 

the complex landscape of genetic alterations in OSCC, and their profound implications for 

tumour development and patient prognosis. 
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Various studies highlighted the heterogeneous nature of OSCC among patients from the same 

and different OSCC populations [19]. A comprehensive analysis of molecular alterations in 

OSCC patients originating from various geographical regions including Western regions 

(North America, Eastern Europe or West Europe and Brazil) and Eastern regions (Vietnam) 

identified three main OSCC subtypes: OSCC1, OSCC2, and OSCC3 [132].  

 

Subtype 1 (OSCC1), also known as the “classical” subtype, exhibits similar somatic mutations 

as the head and neck and lung squamous cell carcinomas. This subtype was characterized by 

mutations in the NFE2L2-KEAP pathway, involved in oxidative stress and detoxification, 

including alterations in NFE2L2, KEAP1, CUL3 and ATG7. OSCC1 is predominantly observed 

in Asian patients [132]. Similarly, a comparative analysis between Asian and Caucasian 

patients revealed higher mutational frequencies of TP53, EP300, and NFE2L2 in Asian patients 

with OSCC than in their Caucasian patients [130].  

 

Subtype 2 (OSCC2) displays frequent alterations in NOTCH1 or ZNF750, inactivating 

mutations of KDM6A and KMT2D and inactivation of PTEN or PIK3R1. This subtype 

primarily occurs primarily in Eastern European and South American patients. 

 

Subtype 3 (OSCC3) exhibits no evidence of genetic deregulation of the cell cycle, with only 

one out of four samples displaying mutations of TP53. Moreover, all samples in subtype 3 had 

activating alterations of the PI3K pathway, alongside KMT2D and SMARCA4 mutations. This 

subtype has been identified in African American patients [132]. However, due to the small 

sample size of just four, further research is needed to validate these findings. The identification 

of three molecular subtypes suggests genetic differences existing among Caucasian, Asian and 

African American OSCC patients [130, 132]. 

 

Similarly, a WES analysis of 59 Malawian OSCC samples revealed three subtypes 1a, 1b and 

2 based on a combination of sequencing data and RNA expression analysis [22]. Subtype 1b 

exhibited fewer genomic alterations, with the fewest somatic mutations per Mb, fewer 

amplifications, particularly in MYC, EGFR, and TP63 and fewer deletions of CDKN2A/B 

compared to the other subgroups. In contrast, subtype 1a, displayed an overexpression of genes 

associated with DNA replication, repair, and recombination, while subtype 2 demonstrated 

increased expression of genes associated with neural differentiation [22]. The identification of 

molecular subtypes in OSCC in the Malawian population, further provide insights of the 
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molecular heterogeneity of this disease. These subtypes exhibit distinct patterns of gene 

expression and genomic alterations, which may have implications for prognosis and treatment 

strategies in OSCC. 

 

1.4.2 Driver genes in OSCC 

Numerous genes display frequent mutations in OSCC, yet cancer is driven by a few key driver 

mutations. These mutations disrupt key cellular regulatory pathways, leading to abnormal 

proliferation and the development of cancer [148, 149]. Differentiating driver genes (genes 

carrying mutations directly responsible for cancer development and progression) from 

passenger genes (genes with mutations that do not directly drive cancer initiation and 

progression) is crucial for diagnostic and prognostic purposes [148, 150]. Several studies used 

methods such as MutSigCV method [151], oncodriveCLUST [152], OncodriveFML [153]and 

dNdScv [149] to identify driver genes. In total, 53 driver genes were identified across 14 studies 

[77, 124, 125, 127, 128, 131-133, 136, 142, 154-157]. Among the identified driver genes, a 

few appeared in seven or more studies. TP53 was found in all 14 studies, while CDKN2A and 

ZNF750 were present in 12 out of 14 studies. NOTCH1 and NFE2L2 was found in 11 out of 

14 studies, and KMT2D and PIK3CA were each identified in 10 out of 14 studies. Additionally, 

RB1 was detected in 9 out of 14 studies, AJUBA, FBXW7 and FAT1 were detected in 8 out of 

14 studies, while TGFBR2 and EP300 were found in 7 out of 14 studies (Table 1.1). The 

identified driver genes suggest dysregulation in multiple signalling pathways, including cell 

cycle control, the NOTCH signalling pathway, differentiation, cell-cell adhesion, apoptosis, 

and signalling cascades, all of which play crucial roles in OSCC pathogenesis. Genes discussed 

below were identified as driver genes in our study. 

 

1.4.2.1 TP53 

Somatic mutations in TP53 are one of the most prevalent alterations observed in human cancer 

[158]. Over 80% of patients with OSCC carry TP53 mutations [77, 123, 125, 138-140, 142, 

157]. Most of these mutations occur within the p53 DNA-binding domain (i.e. R175H, G245S, 

R248Q, R248W, R249S, R273H, R273S, and R282W) [140, 156]. These mutations abrogate 

the tumour-suppressive function of p53, leading to genomic instability (reviewed in [158]). 

Previous studies have highlighted the significance of mutants like G245C, p.R273C and R273H 

in the pathogenesis of various cancer types, including OSCC [159-161]. Subsequent studies 
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revealed an association between the TP53 missense mutations and reduced overall survival 

rates [157].  

 

Interestingly, an analysis by Martincorena et al., [45] of normal oesophageal epithelium from 

nine individuals (aged 20 to 75 years) found that 5 to 10% of the epithelium exhibited TP53 

mutations, with the mutation frequency seemingly increasing with age; with the oldest subjects 

displaying TP53 mutations in 20–35% of their cells. Similarly, another study reported early 

TP53 mutations in normal oesophageal epithelia [162]. These mutations may accumulate over 

time due to exposure to environmental factors such as tobacco smoke or alcohol or due to errors 

in DNA replication and repair mechanisms as cells divide and age. TP53 mutations could 

potentially predispose these cells to accumulate additional mutations, potentially leading to the 

development of cancerous cells over time. The implications of TP53 mutations in histologically 

normal tissue remain uncertain and require further investigation. In OSCC, TP53 mutations 

disrupt p53-related pathways including those involved in cell cycle regulation, DNA repair, 

apoptosis or senescence pathways, thereby contributing to OSCC development. Additionally, 

these mutations may serve as potential prognostic biomarkers of OSCC [158]. 
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Table 1.1 Driver genes in OSCC. 

 
53 driver genes have been identified across 14 studies in OSCC. Various methods, including MutSigCV, MutSigCL, MutSigFN, 20/20þ' ratio-metric, 

oncodriveCLUST, OncodriveFML, and dNdScv, were employed for this purpose. Driver genes detected in seven or more studies were shown by highlighting 

them in yellow.  
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1.4.2.2 CDKN2A 

CDKN2A is located at locus 9p21, encoding two different proteins, p16INK4a and p14ARF, 

which are produced through alternative mRNA splicing of the same gene [163]. These proteins 

are derived by utilisation of different first exons (exon 1α for p16INK4a; exon 1β for p14ARF) 

and a shared exon 2 but with different open reading frames (ORFs) [164, 165]. Both p16INK4a 

and p14ARF play crucial roles as cell cycle regulators. While p16INK4a binds and inhibits 

cyclin-dependent kinase (CDK)4/6, thereby preventing Rb phosphorylation and G1–S phase 

progression [166], p14ARF protein bind to and inhibits the functions of the murine double 

minute 2 protein (MDM2), consequently stabilizing p53 levels and activating p53-dependent 

pathways [167-169].  

 

Alterations and inactivation of the CDKN2A locus impairs both the p16INK4a/Rb and 

p14ARF/p53 pathways, potentially leading to uncontrolled cell growth, a hallmark of cancer 

[170, 171]. CDKN2A mutations are reported in precancerous oesophageal lesions, indicating 

that these mutations may represent early events in OSCC carcinogenesis [172]. The frequency 

of CDNK2A mutations in OSCC varies, ranging from 4% to 21%, especially in patients from 

high-risk regions, including China, Japan, Brazil, and SSA [22, 123-125, 128, 138-140, 156, 

173]. Truncating mutations in CDNK2A are common in OSCC, and a significant copy loss has 

been reported in the 9p21.3 region encoding CDKN2A [22, 123, 125, 127, 128, 136, 138, 140, 

143]. Additionally, inactivation of the p16INK4a and p14ARF has been reported in OSCC 

[174].  

 

While point mutations in exon 1β (encoding for p14ARF) are infrequent [175], genomic 

alterations in p16INK4a are more common in OSCC [176]. Notably, several of these mutations 

occur at the p16INK4a mutational hotspot (e.g., p.R58*, p.W110*, and p.D108X) in OSCC 

[124, 128, 174]. These alterations in CDKN2A (p16INK4a and p14ARF) likely result in a loss 

of protein function, disrupting cell cycle control mechanisms and promoting uncontrolled cell 

proliferation in OSCC [177]. In our study, both p16INK4a and p14ARF were identified as 

driver genes. 

 

1.4.2.2.1 p14ARF 

p14ARF plays a crucial role in regulating cell cycle arrest and apoptosis through both p53-

dependent and independent pathways [178]. Decreased or absent p14ARF in several 
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malignancies often results from gene deletion or intragenic mutations, and epigenetic changes 

including DNA methylation [175, 179]. In humans, the significance of p14ARF inactivation in 

cancer is somewhat less understood compared to mice (p19ARF for the mouse), primarily due 

to its low mutation frequency in humans [169, 175]. However, several studies have reported a 

significant association between p14ARF expression and the risk of various cancers, such as 

breast cancer, lung cancer, liver cancer, ovarian cancer, and laryngeal cancer [180-184].  

 

1.4.2.2.2 p16INK4a 

The role of p16INK4a has been more extensively investigated and plays an important role in 

carcinogenesis in several cancer types including cervical cancer, familial melanoma, pancreatic 

cancer-melanoma syndrome and head and neck squamous cell carcinoma [185-188]. 

Numerous studies have reported multiple mechanisms of p16INK4a inactivation in different 

human cancers, including OSCC (45, 47, 63-71). Loss of heterozygosity, promoter 

hypermethylation, histone modification, point mutations and small deletions in p16INK4a are 

commonly observed in pancreatic adenocarcinomas, oesophageal squamous cell carcinoma, 

prostate cancer, gastric cancer, head and neck squamous cell carcinoma (HNSCC), non–small 

cell lung cancer (NSCLC), skin cancer and melanoma (reviewed in [189]).  

 

Point mutations and deletion of p16INK4a detected in melanomas have been associated with 

an increased risk of metastasis and disease progression [185, 186]. In addition, alterations in 

p16INK4a in NSCLCs samples were significantly associated with lymph node metastasis [190, 

191]. Several studies have demonstrated that loss of p16INK4a expression is attributed to 

promoter methylation of p16INK4a in numerous cancers including gastric lymphoma, skin 

cancer, and neck cancer (reviewed in [189]).  

 

In OSCC, several studies have examined the expression of p14ARF and/or p16INK4a, 

revealing variability among samples [174, 175, 192]. For example, Xing et al., [175] observed 

lower levels of p16INK4a and p14ARF mRNAs in 12 out of 18 Chinese OSCC samples, with 

4 of the 18 samples showing elevated level of p16INK4a and p14ARF mRNAs. Similarly, de 

Almeida Simao et al., [192] found significantly reduced mRNA levels of p14ARF in 58.8% 

and p16INK4a in 64.7% of the OSCC samples analysed. In a study from Germany, 36 of 53 

samples did not express or showed decreased p16INK4a protein, as determined by 

immunohistochemistry [192]. Similarly, in French samples, 15 out of 33 showed reduced 
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p16INK4a protein [193]. In Japanese samples, the proportion was notably higher, with 38 out 

of 42 lacking or exhibiting decreased levels of p16INK4a protein [194]. This consistent pattern 

of p14ARF and p16INK4a alterations across different populations underscores the potential 

significance of p14ARF and p16INK4a dysregulation in OSCC. Furthermore, low expression 

of p14ARF and p16INK4a disrupts cell cycle regulation, increases susceptibility to oncogenic 

stimuli, thereby promoting tumour progression, and influencing therapeutic responses in 

various cancer types, including OSCC [168, 170, 186, 195-199].  

 

1.4.2.3 ZNF750 

Zinc finger protein 750 (ZNF750) plays a role in epidermal differentiation and is closely 

associated with cell differentiation in OSCC [200, 201]. In OSCC, ZNF750 is frequently 

mutated, with a majority of mutations being truncating mutations [77, 124, 125, 128, 136, 142, 

155, 157, 201]. The frequency of ZNF750 mutations in OSCC varies, ranging from 3.9% to 

17% [77, 124, 136, 155, 157], and 87.5% of these mutations in ZNF750 result in decreased 

mRNA expression in OSCC [128]. Furthermore, ZNF750 deletion occurred in 3.4% of OSCC 

tumours, and its mRNA expression was lower in oesophageal tumours compared with normal 

tissue [124, 201]. These findings suggest that ZNF750 functions as a tumour suppressor in 

OSCC [124, 125]. Additionally, ZNF750 knockdown significantly enhances proliferation, 

colony formation, migration and invasion in OSCC cells [202]. Consistently, several studies 

showed that low ZNF750 expression correlates with lymph node metastasis [203] and poor 

prognosis in OSCC patients [201, 203, 204]. These findings indicate that ZNF750 may confer 

selective advantages to OSCC cells and play an important role in the progression of OSCC 

[77]. 

 

1.4.2.4 NOTCH1 

The NOTCH signalling pathway plays a crucial in cell fate determination and differentiation 

[205, 206]. Mutations in NOTCH1 can disrupt these processes, leading to abnormal cell growth 

and differentiation in OSCC. According to data from cBio-Portal, NOTCH1 mutation occurs 

in 14% OSCC [158]. These mutations typically result in loss-of-function, suggesting that the 

loss of NOTCH pathway activity is important for the growth of tumour cells exhibiting 

squamous differentiation characteristics [207]. Mutations in NOTCH1 in OSCC tend to cluster 

in the EGF-like repeats and often lead to loss of function [208]. Loss of NOTCH1 has been 

implicated in predisposing the oesophagus to precancerous and squamous cell carcinoma, 
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partially due to accelerated telomere erosion [209]. Mutations in NOTCH1 have been 

associated with well-differentiated, early-stage malignancy and less metastasis to regional 

lymph nodes. Patients with NOTCH1 mutations also tend to have shorter survival times 

compare to patients without NOTCH1 mutations [210]. These findings suggest that NOTCH1 

may act as a tumour suppressor by regulating tumour growth rather than metastasis in OSCC 

[210]. 

 

1.4.2.5 KMT2D 

KMT2D, also known as MLL2, is involved in histone methylation and the regulation of gene 

expression. Mutations in KMT2D can disrupt gene expression patterns, potentially promoting 

OSCC progression. Histone modifications are key players in the occurrence and development 

of various cancers, including OSCC [211]. KMT2D plays critical roles in regulation of 

development, differentiation, metabolism, and tumour suppression [212]. OSCC exhibits 

frequent mutations in genes involved in histone modification, with KMT2D mutations present 

in 5% to 19% of OSCC samples. Many of these mutations result in truncated KMT2D protein 

lacking the crucial methyltransferase domain [22, 123-125, 127, 128, 136, 141, 158, 213], 

suggesting a potential tumour suppressor role of KMT2D in OSCC. Notably, KMT2D 

mutations are more prevalent in metastatic OSCC (60%) compared to primary OSCC (15.3%), 

indicating a significant involvement of KMT2D in OSCC metastasis [157]. However, the 

clinical significance and prognostic value of KMT2D mutations in OSCC remain poorly 

understood and warrants further investigation [158]. 

 

1.4.2.6 NFE2L2 

NFE2L2 (NRF2) is a transcription factor that regulates and activates the expression of 

antioxidant response genes crucial for cell defence against oxidative stress [214]. Under normal 

conditions, NFE2L2 binds to KEAP1 through its DLG and ETGE domains, leading to its 

proteasomal degradation and maintaining low cellular levels [215, 216]. However, upon 

exposure to stresses, inactivation of KEAP1 stabilizes NFE2L2, promoting the upregulation of 

its target genes, thereby enhancing stress resistance and cell proliferation [214, 217].  

 

The NFE2L2/KEAP1 pathway is frequently activated in human cancers through mutations in 

NFE2L2 or its negative regulator KEAP1. These alterations in NFE2L2 are associated with 

poor prognosis [218]. In OSCC, NFE2L2 mutations are occur in 4%-18% samples [22, 77, 123, 
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124, 127, 128, 136, 140, 142, 155, 158], primarily, clustering in several NFE2L2 mutation 

hotspots (p.W24, p.V32, p.R34, p.D77, p.E79 and p.E82), notably within KEAP1 binding 

motifs (ETGE and DLG) [136, 156, 219]. Mutations such as p.R34Q and p.E79K hinder 

NFE2L2’s tumour suppressive activity, exerting an oncogenic role in OSCC and significantly 

associated with poor prognosis [136].  

 

A study analysing 1145 tumour samples detected NFE2L2 mutations in 11.4% of samples, 

often accompanied with an increased NFE2L2 expression in the nuclei [220]. In contrast, Cui 

et al., [136] observed reduced NFE2L2 expression in tumours samples compared to matched 

normal samples. Silencing endogenous wild-type NFE2L2 in OSCC cells resulted in increased 

cell proliferation, while overexpression of exogenous wild-type NFE2L2 in OSCC cells 

significantly reduced cell proliferation [136]. Moreover, silencing mutant NFE2L2 decreased 

cell proliferation in OSCC cell lines [136] and enhanced the sensitivity of OSCC cells to 

chemotherapy [221]. Mutant NFE2L2 might disrupt its tumour suppressive role and was 

associated with attachment-independent cell survival, correlating with lymph node metastasis, 

tumour progression, poor prognosis, and could potentially serve as a prognostic biomarker 

[136, 216, 221, 222]. 

 

Several other driver genes have been identified in OSCC, including FAM135B, ADAM29, 

FAT1, FAT2, TGFBR2, RB1, ERBB2, SOX2, CREBBP, NAV3, LRP1B, EP300, TET2, PTCH1, 

USP8, RIPK4, KEAP1, PTEN, AJUBA, FBXW7, CUL3 and CASP8. While some studies have 

provided insights into their characteristics, their exact roles in OSCC remain poorly understood 

[77, 124, 125, 127, 128, 131, 133, 136, 154, 156]. 

 

1.4.3 Transition to transversion ratio in OSCC 

Substitution mutations in genomes, such as transition (ti) and transversion (tv), hold significant 

importance [223]. Among 12 substitution mutations, 8 are transversions (A→T, T→A, A→C, 

C→A, G→T, T→G, G→C, and C→G), while transitions consist of 4 mutations (A→G, G→A, 

T→C and C→T) [224]. Notably, transition mutations tend to occur at higher rates compared 

to transversions [225, 226]. Analysis of the mutational spectrum of OSCC revealed the 

predominance of C:G>T:A transitions, followed by C:G>A:T and C:G>G:C transversions 

[131, 138]. The predominance of C:G> T:A transitions suggests spontaneous cytosine 

deamination to thymine, being a major mutagenic process in cancer [227], and also observed 
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in OSCC [77, 122, 123, 125, 128, 131, 137, 138, 142, 154]. Compared to OAC [122], head and 

neck squamous cell carcinoma [228] and lung squamous cell carcinoma [229], OSCC exhibits 

a mutation spectrum pattern similar to head and neck squamous cell carcinoma, but differs 

from lung squamous cell carcinoma, primarily characterised by C:G>A:T transversions [125]. 

While the most prevalent mutations in OAC are C:G>A:T transitions, the second most frequent 

mutations are T:A>G:C transversions [125]. Additionally, OSCC has a mutational rate higher 

than breast carcinoma and glioblastoma multiforme, but lower than head and neck squamous 

cell carcinoma, OAC and lung squamous cell carcinoma [122, 125, 228, 229]. 

 

1.4.4 Mutation signatures in OSCC 

Mutation signatures provide insights into the underlying mechanisms of mutagenesis and DNA 

repair processes that contribute to cancer development. They enhance our understanding how 

different exposures and genetic defects contribute to the initiation and progression of cancer 

[144-146]. These process are either active throughout a patient's life or sporadically active, 

often influenced by lifestyle choices [144].  

 

Each mutation process typically involves DNA damage or modification, repair mechanisms, 

and DNA replication [230]. For example, exogenous mutagens like UV light in skin cancer 

and tobacco smoke in lung cancer [231], or endogenous mutagens such as the spontaneous 

deamination of 5-methylcytosines to thymine [232] and DNA maintenance abnormalities such 

as defective DNA mismatch repair in some colorectal cancers contribute to these signatures 

[233]. These processes involve DNA damage that triggers repair mechanisms. Defects in these 

repair processes can leave distinct genomic imprints that are detectable through sequencing 

methods [146]. Each mutation signature represents a distinct combination of mutation types 

and their relative frequencies across the genome (Figure 1.4).  
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Figure 1.4 Mutation signatures. 

(A) The 96 single base substitution (SBS) types. Considering the 5' flanking base (A, C, G, T), the 6 

substitution classes (C>A, C>G, C>T, T>A, T>C, T>G) and 3' flanking base (A, C, G, T) leads to a 96 

mutation types classification (six types of substitution × four types of 5′ base × four types of 3′ base, 6 

x 4 x 4 = 96). The 16 possible mutation types of the substitution class C>A are shown as an example. 

(B) Examples of mutation signatures, SBS4 characterized by C>A substitutions, associated with 

tobacco-smoking, and SBS1 characterized by C>T mutations, predominantly at NCG trinucleotides, 

associated with aging. Modified from [145, 230]. 

 

The primary classification for single-base substitutions (SBSs) consists of 96 classes, including 

the six somatic base substitutions: C>A, C>G, C>T, T>A, T>C, and T>G, with the mutated 

base is represented by the pyrimidine of the base pair, as well as their flanking 5′ and 3′ bases 

(Figure 1.4A) [144, 146, 230, 234, 235]. The 96-substitution classification differentiate 

between mutation signatures that cause the same substitution in different sequence contexts, 

resulting over 60 SBS mutation signatures [230].  

 

For example, lung cancer, OAC, liver cancer and head and neck cancers exhibit mutation 

signature SBS4, characterized by higher prevalence of C>A substitutions, known to be caused 

by carcinogens in tobacco. Additionally, mutation signature SBS1 is found in nearly all cancer 

types, characterized by C > T mutations associated with aging (Figure 1.4B) [146, 230, 236, 

237]. In most cancer types, at least two mutation signatures are observed, with a maximum of 

six signatures in cancers of the liver, uterus and stomach [146].  

 

Previous studies have identified SBS1, SBS2 and SBS13 mutation signatures as commonly 

occurring in OSCC across various regions [22, 77, 123-125, 128, 131, 135, 136, 138, 139, 142, 

238-240]. SBS1 is the result of an endogenous mutation process initiated by spontaneous 

deamination of 5-methylcytosine and exhibits clock-like behaviour [146, 241]. On the other 

hand, SBS2 and SBS13 have been attributed to the AID/APOBEC family of cytidine 

deaminases. APOBEC genes encode DNA deaminases that lead to mutations in C > G and C 
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> T [242, 243], with SBS2 characterized by C>T mutations, and SBS13 primarily resulting in 

C>G mutations [230]. The APOBEC enzymes can deaminate cytosine to uracil, leading to a 

cluster of mutations and potentially playing a role in various types of cancer types, including 

OSCC [77, 125, 244].  

 

Despite tobacco smoking being a well-established risk factor for OSCC, the smoking-

associated mutation signatures including SBS4, were notably absent in several OSCC studies 

[22, 77, 138, 139, 155]. Furthermore, some studies found no significant differences in mutation 

rates or composition between smokers and non-smokers, suggesting that smoking may 

contribute to OSCC risk through mechanisms distinct from other smoking-related cancer, such 

as lung squamous cell carcinoma, small-cell lung cancer, or lung adenocarcinoma [123]. 

However, in a study of Indian patients with OSCC, higher mutation loads and an enrichment 

of smoking-associated SBS4 were observed in tobacco chewers compared to smokers and non-

tobacco users, suggesting a direct exposure of oesophageal tissue to tobacco mutagens 

(chewing tobacco) may increase OSCC risk [135]. 

 

Several OSCC studies have identified additional mutation signatures beyond SBS1, SBS2 and 

SBS13 in their cohorts [22, 77, 131, 135, 136, 138, 139, 142]. Particularly interesting findings 

in Malawian, Chinese and Korean studies indicating the presence of signatures with unknown 

aetiologies that did not match any of the known COSMIC mutation signatures [22, 77, 131, 

136, 139]. For example, Du et al., [131] identified an unknown mutation signature in their 

cohort, previously reported in OSCC [77]. Similarly, Cui et al., [136] found signature S7 and 

S10, which did not match any COSMIC mutation signatures [245]. These findings suggest the 

existence of unidentified carcinogenic mechanisms contributing to the malignancy of OSCC 

[19, 77]. 

 

1.4.5 Commonly altered pathways in OSCC 

Major signalling pathways known to be important in cancer are disrupted in OSCC, including 

the cell cycle, PI3K-AKT, histone modification, epigenetic regulation pathway, 

NFE2L2/KEAP pathway, DNA repair, Hippo, and NOTCH pathways [77, 122-134, 136-142]. 

The dysregulation of these pathways play a significant role in OSCC development and 

progression. Understanding these aberrations could potentially lead to the development of 

targeted therapies or diagnostic biomarkers for OSCC management. 
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1.4.5.1 Cell cycle  

In OSCC, the cell cycle-related genes including TP53, CDKN2A, CCND1, NFE2L2, and RB1, 

undergo frequent alterations, indicating a significant disruption in cell cycle progression and 

genome instability [128, 131, 136, 138, 140, 142, 143, 156, 246]. These genes play crucial 

roles in controlling proliferation, apoptosis and cell survival [247]. Frequent mutations in these 

genes suggests that targeting this pathway could be a promising therapeutic strategy in 

managing OSCC [158]. 

 

1.4.5.2 NOTCH signalling pathway and Hippo pathway 

The NOTCH pathway is also a frequent mutation target not only in OSCC but also in several 

other cancer types [205, 208, 248-250]. Furthermore, the Hippo pathway, another frequently 

targeted pathway in OSCC, interacts with the NOTCH pathway across various cell types [251, 

252]. Both pathways regulate cell proliferation, fate determination, and cell survival [253-255]. 

Loss-of-function mutations, such as nonsense mutations or frameshift indels, affect several 

genes within these pathways, including AJUBA, PTCH1, FAT1/2/3/4 in the Hippo signalling 

pathway and FBXW7, NOTCH1/2/3/4 in the NOTCH signalling pathway. Inactivation of these 

signalling pathways promote the development of squamous cell carcinoma in other tissues, 

including cutaneous, head-and-neck and oesophageal squamous tumours [77, 122, 123, 128, 

136, 156, 256-258]. This suggests that the loss activity in these pathways may be critical for 

the growth of differentiating squamous tumour cells [207]. The FBXW7 gene, acting as a 

negative regulator of the NOTCH pathway, demonstrates an oncogenic role for NOTCH 

signalling when its function is compromised [259]. The involvement of the NOTCH and Hippo 

pathways, along with their crosstalk, further highlights the complexity of OSCC pathogenesis 

and the potential for targeted treatments. 

 

1.4.5.3 PI3K-AKT pathway 

The dysregulation of the PI3K-AKT pathway has been directly linked to several human cancers 

including OSCC [260-265]. This pathway is involved in regulating cell functions such as 

proliferation, differentiation, apoptosis, cell survival, cell growth, and angiogenesis, often 

implicated in OSCC development through driver mutations in the PIK3CA gene [123, 124, 

260, 262, 263, 265-268]. Among the most significant genetic alterations within this pathway is 

the loss of the tumour suppressor PTEN, as well as activating point mutations, and 
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amplification of PIK3CA, which encodes the catalytic subunit of phosphatidyl 3-kinase (PI3K), 

specifically p110α, and amplification of AKT (protein kinase B) [266, 269, 270]. Similarly, 

genes involved in the PI3K-AKT, such as PIK3CA, ERBB2, PTEN, EGFR, and AKT1/2/3, 

frequently undergo alterations in OSCC [22, 123, 124, 128, 136, 140, 142, 154, 156]. These 

mutations, particularly activating point mutations and amplification of PIK3CA, are associated 

with a poor prognosis in OSCC, suggesting PI3Kα is a promising target for OSCC treatment 

[138, 158, 264]. 

 

1.4.5.4 Histone modification 

Histone modification enzymes control chromatin structure and regulate gene expression, 

playing an important role in cancer initiation and progression [211]. OSCC frequently exhibits 

alterations in histone modifier genes including KMT2D, KMT2C (also called MLL3), KDM6A, 

EP300 and CREBBP [22, 123, 125, 128, 154, 156]. While the role of these alterations remains 

unclear, drug candidates targeting epigenetic modulators have shown potential activity against 

OSCC [158]. Moreover, these alterations have the potential to disrupt epithelial homeostasis, 

contributing to OSCC tumorigenesis and progression [158]. Notably, mutations in EP300 have 

been associated with poorer survival outcomes in OSCC [123]. 

 

1.4.5.5  NFE2L2/KEAP1 (NRF2) pathway 

Frequent mutations in the NFE2L2/KEAP1 (NRF2) pathway have been consistently reported 

in OSCC [22, 77, 123, 124, 127, 128, 136, 140, 142, 155, 158], suggesting that mutations and 

dysfunction within this pathway may contribute to OSCC development by increasing the 

resistance to oxidative stress [131]. Key genes involved in the NFE2L2/KEAP1 pathway, such 

as NFE2L2, KEAP1 and CUL3, frequently undergo alterations in OSCC [131, 136, 156]. The 

NFE2L2 gene encodes the NFE2L2 protein, a transcription factor regulating the expression of 

antioxidant proteins that protect against damage caused by injuries and inflammation [214]. 

Genetic deletion of NFE2L2 increases the susceptibility to cancer development, allowing 

tumour cells to survive the oxidative stress induced by chemoradiation, leading to resistance to 

treatment [215, 216, 221, 271-274]. Driver mutations in NFE2L2 are believed to occur as late 

events in OSCC development [130], while mutations such as p.R34Q and p.E79K hinder 

NFE2L2’s tumour suppressive function, promoting an oncogenic role in OSCC and 

significantly correlating with worse prognosis [136].  
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Several pathways besides those previously discussed have been linked to OSCC development, 

including DNA repair, the RTK-RAS pathway, WNT pathway, cell-cell adhesion, apoptosis 

and TP53 pathway [125, 128, 132, 136, 142]. The involvement of these pathways suggests a 

multifaceted and complex aetiology underlying OSCC, indicating that OSCC arises from the 

interplay of various molecular mechanisms rather than being driven by a single pathway. 

Understanding the roles of these pathways could guide the development of more 

comprehensive diagnostic and therapeutic strategies targeting the diverse molecular alterations 

present in OSCC. 

 

1.5 The expression of frequently mutated genes in OSCC 

Differential gene expression between tissues allows the comparison of gene expression patterns 

across various tissues and conditions, offering insights into genes potentially contributing to 

different phenotypes. For example, the comparison of healthy versus diseased tissues can 

unveil genetic factors involved in disease pathology [275]. Among the methods used for gene 

expression analysis, mRNA Quantitative PCR (qPCR) remains the most widely used technique 

[276]. Other methods such as RNA-Sequencing (RNA-Seq) [277] and Microarrays [278] have 

also been instrumental in cancer research, particularly in identifying biomarkers for clinical 

endpoints such as diagnosis, prognosis, and treatment response prediction [279-282].  

 

In OSCC, gene expression changes have been linked to disease progression [283]. Differential 

gene expression analysis has identified several key genes involved in OSCC. For instance, in 

an analysis of 76 paired tumour-normal OSCC samples, Gao et al., [123] observed that the 

expression level of AJUBA tended to be lower in AJUBA-mutant tumours compared to those 

tumours with wild-type AJUBA. Song et al., [125] identified FAM135B amplifications in 35 of 

140 of OSCC samples. Additionally, they noted high expression of FAM135B in all nine OSCC 

cell lines (KYSE2, KYSE30, KYSE70, KYSE140, KYSE150, KYSE180, KYSE450, KYSE10 

and COLO680N) compared with immortalized normal oesophageal cells (NE3). A recent study 

by Cui et al., [136] detected lower expression of NFE2L2 in NFE2L2 mutant tumours 

compared to normal tissues. Additionally, RNA expression analysis on 59 Malawian OSCC 

samples revealed increased expression of TP63, the squamous cytokeratins such as KRT5, 

KRT15 and keratinocyte-specific transcripts including BNC1, DSC3, and DSG3 [22].  
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The results suggest that OSCC involves complex changes in gene expression that might 

influence various aspects of tumour biology, including growth, differentiation, and response to 

treatment. Understanding these changes can provide insights into the mechanisms of OSCC 

progression. Further research is needed to validate these findings and explore their implications 

for OSCC development and progression. 

 

1.6 Project significance 

OSCC presents a significant health challenge in Sub-Saharan Africa [27]. Despite its severity, 

the underlying biological mechanisms driving OSCC’s lethality and aggressiveness remain 

poorly understood [136]. Although several studies have examined the genetic alterations 

associated with OSCC in other populations such as Chinese, Japanese, African American, 

European and Indian populations [123, 124, 127, 128, 132, 135-137, 139-141, 143, 213], the 

genomic landscape of OSCC, particularly in high-risk regions like Sub-Saharan Africa is not 

well-characterized [19]. Furthermore, the genomic alterations, including mutation signatures, 

and driver genes associated with OSCC in South African are not well-characterized, both at 

whole-genome and whole-exome levels. Thus, there is a need to identify cancer driver genes 

associated with OSCC in South African patients, potentially serving as diagnostic markers and 

therapeutic targets. This study employed whole-genome sequencing of thirty-one (31) and 

whole-exome sequencing of sixty-seven (67) OSCC tumours and matched blood from 

individuals in South African population, to characterize the mutational landscape of OSCC 

within this population, by identifying frequently mutated genes, driver genes, altered signalling 

pathways, and distinctive mutation signatures prevalent in OSCC in the South African 

population. 
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1.7 Aim and Objectives 

The study aims to identify frequently mutated genes, driver genes, mutation signatures, and 

further characterise selected mutations within OSCC in South African patients, the objectives 

are: 

1. Use whole-genome sequencing of 31 tumours and matched blood samples and whole-

exome sequencing of 67 OSCC tumours and matched blood samples, to identify 

significantly mutated genes, distinct driver gene mutations and mutation signatures in 

OSCC in the South African patients. 

 

2. Investigate the expression patterns of selected differentially expressed genes in OSCC 

biopsies that are involved in specific molecular pathways associated with OSCC to 

evaluate their potential impact on tumour progression.  

 

3. Investigate p16INK4a and p14ARF in cultured oesophageal squamous cell carcinoma 

cells. 
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Chapter 2  

Significantly mutated genes in OSCC in South 

African patients  

2.1 Introduction 

Genomic analyses of OSCC revealed a complex and diverse landscape of the disease, evident 

in both inter-tumour and intra-tumour forms, manifesting at both genomic and epigenomic 

levels. This heterogeneity significantly contributes to tumour development, drug resistance, 

and metastasis (reviewed in [284]). Numerous studies have demonstrated that the poor clinical 

outcomes associated with OSCC can, in part, be attributed to the substantial heterogeneity 

observed among tumours [285, 286]. Furthermore, the exact molecular mechanisms underlying 

OSCC aetiology are only partially understood, leading to limited targeted therapies and 

insufficient clinical management in OSCC patients [19, 136]. There is thus a need to identify 

driver genes associated with OSCC that could serve as either diagnostic markers and/or 

potential targets for therapeutic interventions [136]. 

 

Several studies using whole-genome sequence (WGS) and/or whole-exome sequence (WES) 

strategies have investigated genetic alterations in OSCC across both Western (American and 

European) and Eastern (Chinese, Japanese, Korean and Indian) populations. These studies 

reported frequent mutations in several known cancer genes and potential OSCC driver genes 

such as TP53, CDKN2A, ZNF750, NOTCH1, KMT2D, NFE2L2, PIK3CA, AJUBA, RB1, 

FBXW7, TGFBR2 and FAT1 [77, 124, 125, 127, 128, 131-133, 136, 142, 154-157]. These 

genes play crucial roles in cancer-associated pathways such as cell cycle, hippo pathway, 

epigenetic regulation, KEAP1-NFE2L2 pathway, PI3K-AKT signalling, DNA repair, and 

NOTCH signalling pathway [77, 123-125, 127, 131, 132, 136, 138, 139, 142, 143, 156, 239]. 

Furthermore, mutation signature analysis conducted on OSCC samples from different 

geographic regions, including those with lower incidence rates, have revealed three 

predominant mutation signatures. These include the age-dependent mutation signature (SBS1) 

and the mutation signatures associated with APOBEC enzymes (SBS2 and SBS13) [77, 131, 

133, 135, 136, 138, 139, 142, 155, 287]. Interestingly, despite significant differences in OSCC 

incidence rates and the complexity of molecular mechanisms, these mutation signatures are 

consistently observed across diverse populations [287]. In addition, several studies have 

identified additional mutation signatures such as SBS4, SBS16, SBS6, SBS3, and SBS10 [77, 

131, 133, 135, 136, 138, 139, 142, 155]. Mutation signatures SBS4 and SBS16 is associated 
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with smoking and alcohol consumption, respectively. Furthermore, mutation signature SBS6 

is attributed to DNA mismatch repair deficiency, and mutation signature SBS3 is associated 

with homologous recombination deficiency, while SBS10 is associated with polymerase 

epsilon (POLE) exonuclease domain mutations [144-146, 230]. Importantly, several studies 

have found mutation signatures in OSCC with unknown aetiologies that have yet to be fully 

understood in terms of their origins [77, 131, 133, 136, 142].  

 

Various studies have identified distinct molecular subtypes within their cohorts [130, 132, 137]. 

OSCC displays a complex mutational profile, with samples often clustered into high and low 

mutation groups. Asian OSCC patients, for instance, exhibit significantly higher mutation rates 

in genes such as TP53, NFE2L2, and EP300 compared to Caucasian OSCC patients [130, 132]. 

In contrast, African American OSCC patients generally show less genetic deregulation related 

to the cell cycle and fewer TP53 mutations [132, 137]. These molecular subtypes indicate 

genetic differences among OSCC samples from patients of Caucasian, Asian, or African 

American ethnic backgrounds [130, 132, 137]. In regions with high incidence of OSCC, like 

Asia, molecular alterations and genetic mechanisms are relatively well-characterized. 

However, in sub-Saharan Africa, these aspects remain poorly understood due to a limited 

number of genomic studies. A whole exome sequencing analysis of 59 Malawian OSCC 

samples revealed enrichment of mutations in genes such as KMT2D, KMT2C, EP300, JAG1, 

and SERPINB4. The study also found inactivating mutations in key tumour suppressor genes, 

including TP53, CDKN2A, NOTCH1/3, FAT1/2/3/4, and FBXW7, as well as activating 

mutations in NFE2L2 and PIK3CA [22]. Furthermore, three distinct subtypes—1a, 1b, and 2—

were identified in Malawian OSCC based on RNA expression levels [22].  

 

Given the high incidence of oesophageal squamous cell carcinoma in sub-Saharan Africa and 

the underrepresentation of molecular data from African OSCC populations, alongside the 

observed diversity in the genomic landscape across different OSCC patients from various 

geographic regions, and the need to identify cancer driver genes and prognostic biomarkers 

associated with OSCC, we performed whole genome sequencing on 31 samples and whole 

exome sequencing on 67 samples from patients with OSCC. Our aim was to characterize the 

mutational landscape of OSCC in the South African population. Through this analysis, we have 

identified frequently mutated genes, molecular subtypes, OSCC cancer driver genes, altered 

signalling pathways and mutation signatures within OSCC in the South African patients. 
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2.2 Results 

2.2.1 Study participants 

Tumour, adjacent normal tissue, matched blood samples and clinical information were obtained 

from patients diagnosed with OSCC who had not undergone chemotherapy or radiotherapy. 

Patient recruitment took place at two clinical centres: Groote Schuur Hospital, University of 

Cape Town, Cape Town, South Africa and at Charlotte Maxeke Johannesburg Academic 

Hospital, University of the Witwatersrand, Johannesburg, South Africa. Prior the enrolment in 

the study, written informed consent was obtained from all patients. Ethics approval was 

obtained from the University of Cape Town/Groote Schuur Hospital Human Research Ethics 

Committee (Cape Town, South Africa; approval number: HEC040/2005). The whole genome 

sequencing was performed on 31 pairs of OSCC tumours and matched blood samples (referred 

to as WGS cohort (Table 2.1)). The cohort included 20 cases from Groote Schuur Hospital 

cohort and 11 cases from Charlotte Maxeke Johannesburg Academic Hospital cohort (Table 

2.1). The WGS cohort was made up of 13 men (42%) and 18 females (52%). Regarding 

smoking status, 10 cases were smokers (32%), 5 were ex-smokers (16%), 16 were non-smokers 

(52%). Except for 12 patients with unknown history of alcohol consumption, 13 patients (42%) 

had a history of alcohol consumption, and 6 patients (19%) had no history of alcohol 

consumption. Ethnically, the majority (29) were black patients (94%), with 2 mixed ancestry 

patients (6%) (Table 2.1). Additionally, whole exome sequencing was performed on 67 pairs 

of OSCC tumours and matched blood samples (referred to as WES cohort in Table 2.1). The 

WES cohort comprised 29 cases from Groote Schuur Hospital cohort and 38 cases from 

Charlotte Maxeke Johannesburg Academic Hospital cohort (Table 2.1). There were 39 men 

(58%) and 28 females (42%). Regarding smoking status in the WES cohort, 24 were smokers 

(36%), 16 were ex-smokers (24%), 23 were non-smokers (34%), and 4 patients with unknown 

smoking histories. There were 37 patients (55%) with a history of alcohol consumption (either 

drinking at time of diagnosis or in the past), 20 patients (30%) with no history of alcohol 

consumption and 10 patients (15%) with unknown history of alcohol consumption. Ethnically, 

there were 45 black patients (67%), 1 white (2%), 17 mixed ancestry (25%), and 4 of unknown 

race (6%). The average age of patients from Charlotte Maxeke cohort was higher than that of 

patients from GSH cohort (Table 2.1). Black subjects were mainly Xhosa or Zulu speakers 

from the Western Cape province of South Africa, who migrated from the Eastern Cape over 

the past 1–2 generations (in the cases from GSH), or from the KwaZulu-Natal province of 

South Africa (cases from Charlotte Maxeke), respectively. Meanwhile, those with mixed 
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ancestry subjects were from the Western Cape, representing an admixed population derived 

from various ethnic groups (indigenous Khoisan, Bantu-speaking Africans, Europeans, 

Indonesian and Malaysian) [32]. 

 

Table 2.1 Summary of the characteristics of patients with OSCC who were included in 

this study for WGS and WES. 

 
Patients were recruited at two clinical centres: Groote Schuur Hospital, University of Cape Town, Cape 

Town, South Africa and at Charlotte Maxeke Johannesburg Academic Hospital, University of the 

Witwatersrand, Johannesburg, South Africa. The whole genome sequencing was performed on 31 pairs of 

OSCC tumours and matched blood samples. The cohort included 20 cases from Groote Schuur Hospital 

cohort and 11 cases from Charlotte Maxeke Johannesburg Academic Hospital cohort. On the other hand, 

whole exome sequencing was performed on 67 pairs of OSCC tumours and matched blood samples. This 

cohort comprised 29 cases from Groote Schuur Hospital cohort and 38 cases from Charlotte Maxeke 

Johannesburg Academic Hospital cohort. WGS cohort - Whole Genome Sequencing cohort, WES cohort - 

Whole Exome Sequencing cohort, GSH - Groote Schuur Hospital, n – number of cases, OSCC – oesophageal 

squamous cell carcinoma. 
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To identify genomic alterations that contribute to the development of OSCC in the South 

African population, whole genome sequencing of 31 pairs of tumour and matched blood 

samples and whole exome sequencing of 67 pairs of tumour and matched blood samples was 

performed at the Wellcome Sanger Institute, United Kingdom. Somatic single nucleotide 

variations (SNVs) and short insertions/deletions (indels) (<200bp) were called (detailed in 

Materials and Methods section 6.2.2.1). 

 

Somatic point mutations were identified and filtered using CaVEMan (Cancer Variants through 

Expectation Maximization) [288]. CaVEMan calls variants by comparing sequencing data 

from tumour samples with normal samples and then calculating the likelihood of a mutation at 

each base-pair position locus [288]. After calling the full set of variants, off-target variants and 

false positive variants were filtered with a set of standard CaVEMan filters outlined in 

Materials and Methods (Table 6.4). Variants which pass all filters were considered for 

functional analysis. Small insertions and deletions were called and filtered using cgpPindel 

[289]. The estimated contribution of mutation signatures (single base substitutions, SBS) was 

performed using MutationalPatterns [290], and confirmed with deconstructSigs [291] and 

hierarchical Dirichlet process (HDP) method [292], using the reference collection of COSMIC 

v.2 and version 3.3 SBS mutation signatures profiles [230] (Materials and Methods section 

6.2.2.2). Genes under positive selection (also termed as driver genes in our study) were 

identified using the dNdSCV method [149] as described in Materials and Methods section 

6.2.2.3. The dNdSCV approach analyses patterns of somatic mutations across tumour samples 

by calculating the ratio of non-synonymous to synonymous mutations (dN/dS) while 

considering the effects of mutation clonality and cancer-specific selection pressures. This 

approach differentiates between driver mutations and passengers mutations, providing insights 

into the genetic mechanisms underlying cancer development and progression [149]. For this 

analysis, genes with FDR q-value of ≤ 0.05 were considered to be significantly mutated. Using 

an FDR of q ≤ 0.05 ensures that the expected fraction of false positives in our analysis does not 

exceed 5%. This well-established statistical procedure allows one to increase statistical power 

to detect true positives, while controlling the proportion of false positives [293]. Pathway 

enrichment analysis was done using Reactome database [294], (Materials and Methods section 

6.2.2.6). Pathways affected were considered significant when p < 0.05 and FDR < 0.1. 

Mutational landscape of patients for both WGS and WES data was summarized and plotted 
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using an R package GenVisR (Genomic Visualizations in R) [295] (details in Materials and 

Methods section 6.2.2.4). 

 

2.2.2 Profiling of OSCC in South African patients by Whole Genome Sequencing  

2.2.2.1 Frequently mutated genes and driver genes 

WGS was performed on matched normal-tumour samples from 31 South African patients 

diagnosed with OSCC. Analysis of these genomes led to the identification of a total 605 533 

somatic events, of these 1 260 were synonymous mutations, 2 917 were missense, 231 were 

nonsense mutations, 4 were stop codon losses, 9 were start codon losses, 527 were splice-site 

mutations including essential splice and essential splice-region variants, and 426 exonic indels, 

including 86 in-frame indels and 340 frameshift indels. The median tumour mutation burden 

among the 31 OSCC patients was 2.5 mutations/Mb, ranging from 0.12–16.5 mutations/Mb 

(for non-silent variants) across the cohort (Figure 2.1A). The non-silent variants included 

missense, nonsense, stop codon loss, start codon loss, indels (frameshift and in frame) or 

splicing-site mutations. Missense mutations constituted the primary type of alterations in the 

coding region of genes in tumour samples (Figure 2.1C). The most frequently mutated genes 

in our cohort were TP53 (26/31, 84%), AHNAK2 (12/31, 39%), MUC4 (11/31, 35%), CDKN2A 

(11/31, 35%), TTN (10/31, 32%), AHNAK (9/31, 29%), NOTCH1 (8/31, 25%), PCLO (7/31, 

23%), KMT2D (7/31, 22%), PLEC (6/31, 19%) and FAT2 (6/31, 19%) (Figure 2.1B). Our list 

of frequently mutated genes included previously known oesophageal cancer associated 

oncogenes and tumour-suppressor genes, similar to the genes identified in different studies 

from Asian, Brazilian, and Malawian OSCC cohorts [22, 123-125, 128, 131, 135, 136, 139, 

140, 143, 296].  
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Figure 2.1 Genome alterations in OSCC patients by WGS. 

Frequently mutated genes and distribution of mutations among 31 cases of OSCC. A) Mutation rates of synonymous and non-synonymous mutations in 31 OSCC 

tumours, presented as the number of mutations per megabase (Mb) of covered target sequence. Non-synonymous mutations included frameshift, nonsense, in frame, 

missense, indels and substitutions at splice sites; essential splice and splice region, start lost and stop lost mutations. Synonymous mutations represent silent mutations. 

B) The middle panel shows the mutation landscape across the analysed tumours, showing various mutation types, colour-coded differently. Essential splice (        orange), 
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frameshift (       navy blue), in-frame (       blue), missense (        green), nonsense (        red ), silent (       grey), splice region (      black), start lost (       yellow) and 

stop lost (        pink). Each row represents a gene, while columns depict individual samples, emphasizing mutual exclusivity among gene mutations. The left panel 

shows the percentages of tumours harbouring mutations in the top 35 frequently mutated genes. Three genes marked with an asterisk (*), TP53, CDKN2A and KM2TD, 

were identified as significantly altered genes (driver genes) (q < 0.05) using the dNdSCV method. Two classes of mutational profiles were identified, cluster 1 and 

cluster 2b. C) Percentage distribution of mutation types (essential splice, frameshift, in-frame, missense, nonsense, silent, splice region, start lost and stop lost) across 

the samples. D) Epidemiological data, including gender, site of collection, smoking status, ethnicity, alcohol consumption, and age of the OSCC patients. 
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Based on the mutation spectra analysis of 31 genomes, our samples separated into two distinct 

clusters labelled cluster 1 and cluster 2b (Figure 2.1B). (We refer to one of these as "cluster 

2b" due to the presence of two distinct subgroups within cluster 2, which will be clear in section 

2.2.3.1). These clusters were differentiated primarily by the presence of TP53 alterations and 

the frequency of mutations per Mb. Within cluster 1, tumours shared common features such as 

a relatively high somatic mutations per Mb and mutations in TP53. The majority of our samples 

(26 out of 31) were in cluster 1. On the other hand, cluster 2b (comprising 5 out of 31 samples) 

showed no TP53 mutations across all samples and displayed fewer genomic alterations. These 

five samples were consistently among tumours with the fewest somatic mutations per Mb 

(Figure 2.1B). Previous studies in Malawian and African American cohorts have reported 

molecular OSCC subtypes, notably, similar subtypes lacked TP53 mutations and displaying 

fewer genomic alterations [22, 132, 137, 297].  

 

In order to predict candidate cancer driver genes, i.e. genes under positive selection, we used 

the widely used dNdSCV approach, to calculate dN/dS ratio, which is the normalised ratio of 

non-synonymous to synonymous mutations [137, 141, 149, 155, 156, 293, 298, 299]. Based on 

this approach, TP53, CDKN2A.p16INK4a, CDKN2A.p14ARF and KMT2D were found to be 

statistically significantly mutated, with q values < 0.05 (Figure 2.1B, Table 2.2).  

 

Table 2.2 Driver genes in 31 OSCC samples. 

 
A q-value is a modified p-value and it gives the proportion of false positives among all the positive results 

in a hypothesis test. It is also interpreted as False Discovery Rate (FDR): the proportion of false positives 

among all positive results. Genes with FDR q-value of ≤ 0.05 were considered to be significantly mutated. 

 

Most TP53 mutations occurred predominantly in the DNA-binding domain (Figure 2.2A). 

KMT2D mutations clustered throughout the protein, and they are mainly protein truncating 

variants including in-frame insertions/deletions and nonsense variants (Figure 2.2B). Both 

p14ARF and p16INK4a proteins are encoded by CDKN2A and they both function in tumour 
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suppression [167]. These proteins have unique first exons, exon 1α for p16INK4a and exon 1β 

for p14ARF, spliced into common exons 2 and 3 [163, 164, 300]. Most of the CDKN2A 

mutations were located in exon 2, potentially affecting the functions of both p14ARF and 

p16INK4a proteins. Our analysis revealed differences in molecular consequences of CDKN2A 

variants on p16INK4a and p14ARF, reflecting the use of different open-reading frames [196, 

301]. The majority of the p16INK4a exon 2 mutations truncate the protein (Figure 2.3A). 

Variant p.R58* (p16INK4a) was observed in three different patients (Figure 2.3A). This 

alteration results in a premature truncation of the p16INK4a protein, and is predicted to confer 

a loss of function of the protein, disrupting its tumour suppressive role and predispose 

individuals to cancer [177]. In comparison, our results show that the majority of p14ARF exon 

2 mutations results mainly in missense mutations (Figure 2.3B). 
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Figure 2.2 Distribution of mutations in driver genes (p53 and KMT2D) in OSCC patients. 

A schematic illustration shows the domain structure of proteins p53 and KMT2D proteins, highlighting the distribution of mutation identified by our WGS. Pins on the figure indicate 

mutations. The Y-axis represents frequency of samples with the mutation, while the X-axis provides a schematic representation of the protein, indicating the location of important 

domains and regions for both p53 and KMT2D proteins. The right panel shows the type of mutations found in each protein and protein domains along the protein structure. A) p53 

protein. Mutations are indicated by colour-coding (pink) - frameshift deletion = 2, (green) - frameshift insertion = 3, (turquoise) - missense = 11 and (purple) - nonsense = 7, while B) 

KMT2D protein in (pink) -frameshift deletion = 3, (green) - frameshift insertion = 3, ( turquoise) - missense = 1 and (purple) - nonsense = 3.  
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Figure 2.3 Distribution of mutations in driver genes (p16INK4a and p14ARF) in OSCC patients. 

A schematic illustration shows the domain structure of proteins p16INK4a and p14ARF proteins, highlighting the distribution of mutation identified by our WGS. Pins on the figure 

indicate mutations. The Y-axis represents frequency of samples with the mutation, while the X-axis provides a schematic representation of the protein, indicating the location of important 

domains and regions for both p16INK4a and p14ARF proteins. The right panel shows the type of mutations found in each protein and protein domains along the protein structure. The 

right panel shows the type of mutations found in each protein and protein domains along the protein structure. A) p16INK4a protein. Mutations are indicated by colour-coding (pink) - 

frameshift insertion = 1, (green) - missense = 2 and (blue  ) - nonsense = 3, while B) p14ARF protein in (pink) - frameshift insertion = 1, (turquoise) - missense = 4. 
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Figure 2.4 Transition and transversion mutations in OSCC patients. 

Whole-genome mutation spectra in in coding regions of 31 oesophageal squamous cell carcinoma cases. A) Frequency and distribution of the six substitution subtypes across 31 samples. 

Single-nucleotide substitutions were classified into six subtypes, each category was represented by a different colour. T:A>G:C (red   ), T:A>C:G (orange), T:A>A:T (yellow), C:G> T:A 

(lime ), C:G>G:C (green), C:G>A:T (blue). B) Normalised proportion of substitution subtypes across 31 samples. C:G> T:A transitions were the most common mutations observed, 

followed by C:G>A:T and C:G>G:C transversions within our cohort. 
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The transition and transversion rate analysis in coding sequences of our samples showed that 

C:G> T:A transitions were the most common mutations, followed by C:G>A:T and C:G>G:C 

transversions (Figure 2.4), similar to previous studies of OSCC [131, 138]. The C:G> T:A 

transitions predominance is consistent with spontaneous cytosine deamination [227] being a 

major mutagenic process in oesophageal squamous cell carcinoma, as previously observed in 

OSCC [77, 122, 123, 125, 128, 131, 137, 138, 142, 154]. 

 

2.2.2.2 Mutation signatures  

Mutation signatures are patterns of mutations found in DNA sequences, reflecting the DNA-

damaging agents that the cells may have been exposed to [144-146]. Mutation signatures are 

often associated with specific mutagenic processes such as defective DNA repair, UV 

radiation, or tobacco smoking or exposure to other mutagens. Various mutation processes 

generate unique combinations of mutation types, referred to as ‘signatures’ [144-146]. Each 

mutation signature represents a distinct combination of mutation types and their relative 

frequencies across the genome, moreover, providing insights into the causes of mutations and 

aiding in understanding cancer development, environmental exposures, and evolutionary 

processes [146]. To better understand the mutational mechanisms in OSCC in the South 

African patients, single base substitution mutation signature analysis was done on the 31 

genomes. The analysis identified eight mutation signatures, including known signatures SBS1, 

SBS2, SBS13, SBS5, and SBS6, as well as three novel, unknown signatures labelled as 

unknown A, unknown B, and unknown C (Figure 2.5). The age-dependent mutation signature, 

SBS1, is characterized by an enrichment of C>T transitions at NpCpG trinucleotides due to the 

spontaneous deamination of 5-methyl-cytosine [146, 302]. Signature SBS1 was detected in 

52% of the analysed samples, occurring in 16 out of 31 cases. SBS5, like SBS1, represents a 

clock-like mutation signature. Clock-like mutation signatures refer to specific patterns of 

mutations observed in genomes that accumulate over time and correlate with the age of the 

individual [241]. These signatures are thought to reflect the natural aging processes and the 

cumulative exposure of cells to endogenous mutation processes, such as DNA replication errors 

or spontaneous chemical changes within cells [241]. SBS5 is characterized by a flat pattern, 

predominantly featuring C>T and T>C transitions [241]. This signature was found in 2 of 31 

samples (Figure 2.5). 
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SBS2 and SBS13 are characterized by C>G mutations and C>T mutations, respectively, 

occurring at TpCpN trinucleotides [146] (Figure 2.5). These mutation signatures (SBS2 and 

SBS13) are associated with APOBEC enzymatic deamination of cytidine to uracil in the RNA, 

leading to the formation of a premature stop codon and the synthesis of a truncated protein 

[146, 303]. Mutation signature SBS2 is usually found in the same samples as SBS13 [146, 

230]. Our findings are consistent with this pattern, as SBS2 and SBS13 mutation signatures 

accounted for mutations in 77% (24 out of 31) of the samples (Figure 2.5).  

 

 Mutation signature SBS6 is characterized predominantly by C>T at NpCpG trinucleotides, but 

is distinct from SBS1 [146] (Figure 2.5). SBS6 is associated with defective DNA mismatch 

repair and microsatellite instability [146]. Two patients presented a mutational pattern of SBS6 

(Figure 2.5).  

 

Separating mutations produced by two correlated signatures or those that closely resemble one 

another presents a challenge in mutation signature extraction [230, 287]. Signatures SBS1 and 

SBS5 serve as good examples [304], as their mutation loads show a positive correlation with 

patient age and, in some cases, with each other [241]. Furthermore, in most cancer types, at 

least two mutation signatures were observed, with a maximum of six signatures in cancers of 

the liver, uterus and stomach [146]. Similarly, our results revealed samples exhibiting 

combinations of two or three individual mutation signatures. Among them, fifteen samples 

(48%) showed enrichment of mutations from both SBS1 and APOBEC l signatures (SBS2 and 

SBS13), characterized by patterns enriched with C>G mutations at TpCpN trinucleotides and 

C>T mutations at NpCpG and TpCpN trinucleotides (Figure 2.5). Additionally, one sample 

displayed both SBS5 and APOBEC signatures (SBS2 and SBS13) defined by C>G and C>T 

at TpCpN trinucleotides and T>C mutations (Figure 2.5).  

 

The mutation signatures labelled as unknown A-C showed low similarity to any of the 

COSMIC mutation signatures and, to our knowledge, have not yet been previously identified. 

These signatures appear to represent novel mutation patterns in OSCC (Figure 2.5). Each of 

these novel mutation signatures was observed in only one tumour sample. Mutation signature 

unknown A is defined by T>G at ApTpA, ApTpT, TpTpA and TpTpT trinucleotides. Mutation 

signature unknown B predominantly shows C>T transitions. Mutation signature unknown C 

shows a flat pattern, with a predominant presence of both C>T and T>C transitions. 
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Figure 2.5 Mutation signatures in OSCC patients. 
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Characterization of eight mutation signatures in OSCC patients. Eight mutation signatures (SBS1, SBS2, SBS13, SBS5, and SBS6, as well as three novel, unknown signatures labelled 

as unknown A, unknown B, and unknown C) were identified across the OSCC genomes. Each mutation signature is displayed according to the 96-substitution classification, defined by 

substitution class (C>A, C>G, C>T, T>A, T>C, and T>G), as well as the nucleotides immediately 5’ and 3’ to the mutated base. The six substitution classes are indicated on the top of 

the plot, color-coded as follows (C>A (blue), C>G (black), C>T (red) T>A (grey) T>C (green) and T>G (pink). Each vertical bar indicates the proportion of mutations of a particular 

mutation type—a single base mutation from a C or T in the context of its immediately preceding and following bases. The y-axes indicate the proportion of mutations of each type, 

while the x-axes display mutation types of the 96 trinucleotide substitutions. 
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Next, we correlated different mutation signatures with patients’ epidemiological data. 

However, due to the limited sample size of our WGS cohort and the small subgroup sizes per 

identified signature, we could not make definitive conclusions. Samples displaying signature 

SBS6 comprised non-smoking females (n = 2) and exhibited a high mutation burden per Mb 

(Figure 2.1). These findings are consistent with previous studies linking SBS6 to defective 

DNA mismatch repair and microsatellite instability [146]. Microsatellite instability is 

characterized by genetic alterations in specific repetitive DNA sequences called microsatellites. 

These microsatellites, also called short tandem repeats (STRs), consist of repeated sequences 

of 1–6 nucleotides. Due to their repetitive nature, microsatellites are particularly prone to errors 

during the DNA replication process [305]. SBS6 is associated with high numbers of short indels 

(shorter than 3bp) at mono/polynucleotide repeats [146]. Indeed, we observed multiple small 

indels in samples with SBS6.  

 

An unknown signature, labelled as signature unknown A (unknown signatures showed no 

similarity to any of the COSMIC mutation signatures) was found in a 79-year-old, non-smoker 

female. This tumour exhibited a mutation spectrum completely different from that observed in 

other tumours, with high T > G transversions and ranking among the samples with the highest 

tumour mutation burden per Mb (Figure 2.1, Figure 2.4). In contrast, the two samples; 

PD51372 and PD44694, which displayed the other two unknown signatures (unknown B and 

unknown C, respectively), were observed with the lowest tumour mutation burden per Mb 

among other samples (Figure 2.1). Additionally, sample PD44694 had the fewest C:G>A:T 

mutations and the highest T:A>G:C mutations in our cohort (Figure 2.4). The implications of 

these observations are currently uncertain. 

 

In our cohort of 31 OSCC cases, we found that 48% of patients were smokers or had a smoking 

history, while 42% reported alcohol consumption. Despite this, we did not observe the 

smoking-related mutational signatures (SBS4 and SBS29 typically associated with C>A 

mutations) nor the alcohol-related signature (SBS16, associated with T>C substitutions) [146, 

230, 306]. Furthermore, we found no difference when comparing the proportion of C>A 

transversions between smoking and non-smoking individuals. These findings may be attributed 

to the relatively small sample size in our WGS cohort, which could have lacked sufficient 

statistical power to detect subtle associations between exposures and mutational signatures.  
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2.2.2.3 Significantly affected biological pathways  

To examine the biological functions of the frequently mutated genes, we conducted pathway 

enrichment analysis using the Reactome pathway database webtool (version 86) [294]. We 

integrated the top 70 frequently mutated genes from our WGS cohort (Table 2.3) into pathway 

analysis to identify the pathways significantly affected in OSCC. This analysis revealed several 

signalling pathways that were significantly affected (p-value < 0.05, FDR <0.05) (Figure 2.6). 

Notably, pathways such as “cellular responses to stimuli”, “gene expression (transcription)”, 

“disease pathway”, “metabolism of proteins”, “extracellular matrix organization”, “signal 

transduction” and “immune system” were the most affected (Figure 2.6). Among these 

pathways “cellular responses to stimuli”, “NOTCH signal transduction”, “programmed cell 

death”, “cell cycle” and “gene expression” have all been previously shown to be associated 

with the development and progression of OSCC [77, 123, 124, 127, 128, 132, 135, 136, 138]. 

 

Table 2.3 The top 70 frequently mutated genes in 31 OSCC samples. 
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Figure 2.6 Significantly affected pathways in OSCC. 

Pathways significantly affected from our gene list, depicted with a colour-coded scale indicating their respective p-values. Analysis excluded protein-protein interactors from the IntAct 

database to ensure pathways identified were curated by Reactome and held biological significance. Significant pathways (p-value < 0.05, FDR <0.05) included “cellular responses to 

stimuli”, “gene expression (transcription)”, “disease pathway”, “metabolism of proteins”, “extracellular matrix organization”, “signal transduction” and “immune system”. Notably, 

eighteen Reactome pathways, such as “digestion and absorption”, “neuronal system”, “circadian clock”, “hemostasis”, “chromatin organization”, “drugADME”, “metabolism”, 

“metabolism of RNA”, “DNA replication”, “DNA repair”, “transport of small molecules”, “organelle biogenesis and maintenance”, “reproduction”, “autophagy”, “protein localization”, 

“vesicle-mediated transport” and “cell-cell communication”, showed no association with the altered genes in our cohort. 
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Figure 2.7 Gene involvement in significantly affected pathways in OSCC.  

The altered genes involvement within various significantly affected pathways. A) Sub-pathways or molecular events involved in the seven pathways significantly affected (“cellular 

responses to stimuli”, “gene expression (transcription)”, “disease pathway”, “metabolism of proteins”, “extracellular matrix organization”, “signal transduction” and “immune system”) 

B) Genes involved in the affected sub-pathways, with x indicating the corresponding gene (X-axis) and the corresponding sub-pathway (Y-axis) involved. Gene names and their 

corresponding uniport IDs and: protein names, matched to Reactome pathways are listed as follows: TP53 (P04637: Tumour suppressor p53), MUC4 (Q99102: Mucin-4), CDKN2A 

(Q8N726: Tumour suppressor ARF (p14ARF) and P42771: Cyclin-dependent kinase inhibitor 2A (p16INK4A)), NOTCH1 (P46531: Neurogenic locus notch homolog protein 1), MUC16 

(Q8WXI7: Mucin-16), TNIK (Q9UKE5: TRAF2 and NCK-interacting protein kinase), TNC (P24821: Tenascin), PIK3CA (P42336: Phosphatidylinositol 4,5-bisphosphate 3-kinase 

catalytic subunit alpha isoform), MUC5B (Q9HC84: Mucin-5B), MUC5AC (P98088: Mucin-5AC), LAMA5 (O15230: Laminin subunit alpha-5), HSPG2 (P98160: Basement membrane-

specific heparan sulphate proteoglycan core protein), FLT4/VEGFR3 (P35916: Fms-like tyrosine kinase 4/Vascular endothelial growth factor receptor 3), FLG (P11362, P11362-1, 

P11362-19: Fibroblast growth factor receptor 1), DMD (P11532: Dystrophin), ZNF268 (Q14587: Zinc finger protein 268) and ZFHX3 (Q15911: Zinc finger homeobox protein 3). 

Statistical significance is indicated by p-value < 0.05 and False Discovery Rate (FDR) <0.05. 
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The “cellular responses to stimuli” pathway constituted the most significantly affected category 

(Figure 2.7, Table 2.4). Within this pathway, several molecular events and sub-pathways were 

implicated, including oncogene induced senescence, oxidative stress induced senescence and 

cellular senescence, and were mainly involved in response to oncogene and oxidative stress 

induced senescence (Figure 2.7A). Notably, the altered genes that were associated with this 

pathway include TP53, TNIK and CDKN2A encoded proteins, i.e. p14ARF (Q8N726) and 

p16INK4a (P42771) (Figure 2.7B). Similarly, these genes are involved in the “gene expression 

(transcription)” pathway. Molecular events and sub-pathways associated with the “gene 

expression (transcription)” pathway, such as transcriptional regulation by VENTX, 

transcriptional regulation by RUNX3, regulation of TP53 expression, RUNX3 regulates 

CDKN1A transcription, and regulation of TP53 expression and degradation, primarily regulate 

TP53 expression and activity and the transcription of TP53 target genes such as CDKN1A (p21) 

(Figure 2.7, Table 2.4). 

 

Table 2.4 Pathways and molecular events ranked by the significance levels: p-value and 

FDR analysis. 

 
(p-value < 0.05, FDR <0.05). * False Discovery Rate. 
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The “disease pathway” involved sub-pathways and molecular events, such as defective 

GALNT12 which is associated colorectal cancer (CRCS1), defective GALNT3 which causes 

hyperphosphatemia familial tumoral calcinosis (HFTC), defective C1GALT1C1 which causes 

TN polyagglutination syndrome (TNPS), diseases associated with O-glycosylation of proteins, 

diseases of glycosylation, signalling by FGFR1 in disease, diseases of cellular response to 

stress and diseases of cellular senescence (Figure 2.7A, Table 2.4). The majority of these 

molecular events are associated with cancer development. Genes altered within the “disease 

pathway” include the Mucins (MUC4, MUC5B, MUC16 and MUC5AC), NOTCH1, PIK3CA, 

FLG and CDKN2A (Figure 2.7B). 

 

The NOTCH signalling pathway plays a significant role in various cellular processes, including 

cell proliferation, differentiation, and apoptosis. Dysregulation of this pathway has been 

implicated in the development and progression of several types of cancer including OSCC 

[207]. Within the NOTCH signalling pathway, two sub-pathways have been identified: the pre-

NOTCH transcription and translation sub-pathway, and the NOTCH4 intracellular domain 

transcriptional regulation sub-pathway. The pre-NOTCH transcription and translation sub-

pathway includes the initial stages before activation of the NOTCH signalling cascade. Once 

activated, NOTCH signalling regulates gene expression to control various cellular processes, 

including differentiation, proliferation, and apoptosis [207, 307]. Altered genes involved in the 

NOTCH pathway were TP53, NOTCH1 and FLT4 (Figure 2.7).  

 

The “extracellular matrix organization”, “metabolism of proteins” and “immune system” 

pathways were among the significantly disrupted pathways (Figure 2.7A). The tumour 

microenvironment plays a key role in tumorigenesis and tumour progression [308]. This 

dynamic environment involves several cellular components, including tumour cells, immune 

cells, fibroblasts, and one of the most important constituents of the tumour microenvironment; 

the extracellular matrix (ECM) [308, 309]. The ECM not only provides the biochemical and 

mechanical support for tumour progression [309], but also serves crucial roles in maintaining 

tissue integrity, regulating cell functions in normal cellular and tissue biology, such as 

providing structural support, facilitating cell adhesion and signalling, and guiding tissue 

development and homeostasis [310]. In our pathway analysis, the non-integrin membrane-

ECM interactions molecular event was enriched in the extracellular matrix organisation 

pathway (Figure 2.7 A). Moreover, altered genes involved in this pathway included DMD, 

LAMA3, TNC and HSPG2 (Figure 2.7B). Apart from their involvement in “disease pathways” 
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the Mucins (MUC4, MUC5B, MUC16 and MUC5AC) were also implicated in the “metabolism 

of proteins” pathway. Molecular events within the “metabolism of proteins” pathway included 

the termination of O-glycan biosynthesis and the O-linked glycosylation of mucins (Figure 

2.7A). 

 

Abnormal changes in these biological processes have the potential to alter cell fate, disrupt 

cellular responses to external stimuli, accumulation of senescent cells, promote tissue 

inflammation and create a microenvironment conducive to tumourigenesis. All these events 

play critical roles in cancer development. 

 

Our WGS analysis revealed 35 frequently mutated genes potentially associated with OSCC in 

the South African population. Among these, TP53, CDKN2A.p16INK4a, CDKN2A.p14ARF 

and KMT2D were identified as cancer driver genes within our cohort of 31 samples analysed. 

Based on the mutation spectra analysis, we identified two distinct clusters: cluster 1 and cluster 

2b, primarily distinguished by the presence of TP53 alterations and the frequency of mutations 

per Mb sequenced in the samples. Notably, C:G> T:A transitions and C:G>A:T transversions 

were the dominant mutation types across our cohort. Mutation signature analysis identified 

eight distinct mutation signatures (SBS1, SBS2, SBS13, SBS5, and SBS6, and three novel, 

unknown signatures labelled as unknown A, unknown B, and unknown C). The contributions 

of mutation signatures SBS1, SBS2 and SBS13 were relatively high within our cohort. 

Signature SBS6 suggests possible defects in DNA mismatch repair, while the three unknown 

signatures indicate mutation processes unique to South African OSCC (Figure 2.5). 

Furthermore, pathway enrichment analysis revealed that our altered genes were associated with 

seven biological pathways, including “cellular responses to stimuli”, “disease pathways”, 

“gene expression (transcription)”, “metabolism of proteins”, “immune system”, “extracellular 

matrix organization” and “signal transduction” pathways.  

 

To enhance the validation of mutations, driver genes, signalling pathways, and mutation 

signatures implicated in somatic mutations in OSCC, we conducted another analysis on a larger 

sample size. This involved WES of 67 pairs of matched normal and tumour samples, distinct 

from samples used in the initial WGS, aiming to provide a more robust understanding of the 

molecular landscape underlying OSCC development. 
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2.2.3 Profiling of OSCC in South African patients by Whole Exome Sequencing 

2.2.3.1 Frequently mutated genes and driver genes  

RNA was extracted from tumour tissue, matched blood samples and adjacent normal tissue 

from a total of 67 subjects, as outlined in Material and Methods section 6.2.1.4. 

 

Analysis of matched exome sequences from 67 normal/tumour pairs led to the identification of 

a total 30699 somatic events, comprising 29642 single nucleotide substitutions. Of these 2471 

were synonymous mutations, 5900 were missense and 421 were nonsense mutations. 

Additionally, there were 9 stop codon losses, 13 start codon losses, 814 essential splice and 

essential splice-region variant, and 998 indels, including 619 frameshift and 234 in-frame 

mutations. The remaining somatic events included mutations with no impact on the amino acid 

sequence, such as silent mutations. The median tumour mutation burden across the samples 

was 2.5 mutations per Mb, ranging 0.1–24 mutations/Mb for non-silent variants per Mb across 

67 OSCC patients (Figure 2.8A).  

 

As observed in our WGS data, missense mutations predominated as the primary mutation types 

in the coding region of genes (Figure 2.8C). The most frequently mutated genes among the 67 

genomes were TP53 (54 out of 67, 81%), TTN (25 out of 67, 37%), NOTCH1 (18 out of 67, 

27%), MUC16 (16 out of 67, 24%), NFE2L2 (12 out of 67, 18%), KMT2D (12 out of 67, 18%), 

CSMD3 (12 out of 67, 18%), PCLO (10 out of 67, 15%), AHNAK2 (10 out of 67, 15%) and 

ZFHX4 (9 out of 67, 13%) (Figure 2.8B). 

 

Based on the mutation spectra observed within our cohort, the samples clustered into three 

distinct groups: cluster 1, cluster 2a and cluster 2b (Figure 2.8B), expanding upon the two 

clusters identified in our WGS analysis: cluster 1 and cluster 2b. These clusters were 

differentiated by the frequency of TP53 alterations and the mutations per Mb sequenced. 

Consistent with our WGS findings, cluster 1 tumours were characterized by TP53 mutations 

and a relatively high somatic mutation rate per Mb. Most of our samples (54 out of 67 samples) 

were in cluster 1. Cluster 2 (13 out of 67 samples) showed no TP53 mutations in all samples 

and were predominantly black female patients. In addition, cluster 2 was further subdivided 

into two subclusters; cluster 2a and cluster 2b. Cluster 2a showed a high mutation rate per Mb. 

In contrast, cluster 2b samples exhibited fewer genomic alterations, with the fewest somatic 

mutations per Mb (Figure 2.8B). This pattern of high or low mutation rates and presence or 
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absence of TP53 mutations is consistent with observations in Malawian OSCC patients and 

African American OSCC populations [22, 137, 297]. 

 

Table 2.5 Driver genes in 67 OSCC samples. 

 
A q-value is a modified p-value and it gives the proportion of false positives among all the positive results 

in a hypothesis test. It is also interpreted as False Discovery Rate (FDR): the proportion of false positives 

among all positive results. Genes with FDR q-value of ≤ 0.05 were considered to be significantly mutated. 

 

The analysis of driver genes in the 67 tumours, using the dNdSCV approach revealed TP53, 

NFE2L2, CDKN2A.p16INK4a, ZNF750 and NOTCH1 as statistically significant, with q values 

< 0.05 (Figure 2.8B, Table 2.5). Despite CDKN2A and ZNF750 being significantly mutated 

(driver genes), their mutation frequencies within our cohort were low, thus excluding them 

from the top 35 frequently mutated genes observed. As expected, the majority (83%) of TP53 

non-synonymous mutations were located predominantly in the DNA-binding domain, at 

mutation hotspots such as R273 and R282W, similar to our WGS finding and  previous reports 

[311] (Figure 2.9A). Additionally, other previously identified mutation hotspots in OSCC, 

including the mutations in KEAP1 binding motifs (ETGE and DLG) of NFE2L2 [219], 

CDKN2A.p16INK4a R80 and D108 [156], were observed in our cohort (Figure 2.9B and Figure 

2.9C). Compared to our WGS analysis of driver genes, mutations in p14ARF were not 

identified as driver of OSCC in WES cohort, possibly due to the fewer mutations identified in 

CDKN2A within this cohort, with only eight mutations in 7 out of 67 samples. Among these 

mutations, two affected p16INK4a: [p.Q50* and p.L16fs*6], both occurring in exon 1α which 

encodes for p16INK4a. Additionally, one of the mutations detected in exon 2 of CDKN2A, 

resulted in a missense mutation in p16INK4a: [p.L130P]. However, in p14ARF, the same 

mutation occurred outside its coding region.  

 

Positive selection was also observed in other OSCC-associated genes; ZNF750 and NOTCH1 

[124] (Figure 2.10A and Figure 2.10B). The non-silent mutation rate of ZNF750 was 7.9%, 

with the majority mutations identified being inactivating, which aligns with previous findings 

in OSCC [77, 122]. 
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Figure 2.8 Genome alterations in OSCC patients by WES. 

Frequently mutated genes and distribution of mutations in 67 OSCC exomes. A) Mutation rates of synonymous and non-synonymous mutations in 67 tumours, presented 

as the number of mutations per megabase (Mb) of covered target sequence. Non-synonymous mutations consist of frameshift, nonsense, in frame, missense, essential 

splice and splice region, start lost and stop lost mutations. Synonymous mutations consist of silent mutations. B) The middle panel illustrates the mutation landscape 
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across analysed tumours, showcasing various mutation types, colour-coded differently. Essential splice (       orange), frameshift (         navy blue), in-frame (       blue), 

missense (        green), nonsense (       red), silent (      grey), splice region (        black), start lost (        yellow) and stop lost (        pink). Each row represents a gene, 

while columns depict individuals’ samples, emphasizing mutual exclusivity among gene mutations. The left panel displays percentages of tumours harbouring mutations 

in the in the top 35 frequently mutated genes. In addition to ZNF750 and CDKN2A, three genes marked with an asterisk (*), TP53, NOTCH1 and NFE2L2, were 

identified as significantly altered genes (driver genes) (q < 0.05) using the dNdSCV method. Notably, CDKN2A and ZNF750 were not part of the 35 frequently mutated 

genes within our cohort. Three classes of mutational profiles were identified, cluster 1, cluster 2a and cluster 2b, differentiated by the frequency of TP53 alterations 

and the mutations per Mb sequenced. C) Percentage distribution of mutation types (essential splice, frameshift, in frame, missense, nonsense, silent, splice region, start 

lost and stop lost) across the samples. D) Epidemiological data, including gender, site of collection, smoking status, ethnicity, alcohol consumption, and age of the 

OSCC patients. 

 



 
 

57 

 



 
 

58 

Figure 2.9 Distribution of mutations in driver genes (p53, p16INK4a, NFE2L2) in OSCC. 

A schematic illustration represent the domain structure of p53, p16INK4a and NFE2L2 proteins, highlighting the distribution of mutation identified by our WES. Pins 

on the figure indicate mutations. The Y-axis represents the frequency of samples found with the mutation, while the X-axis is a schematic representation of the protein, 

indicating the location of important domains and regions of p53, p16INK4a and NFE2L2 proteins. The right panel shows the type of mutations found in each protein 

and protein domains along the protein structure. A) p53 protein: Mutations are indicated by colour-coding, ( pink) - frameshift deletion = 16, ( green) - in-frame insertion 

= 1, (turquoise) - missense = 26 and (purple) - nonsense = 12, while, B) p16INK4a protein (  pink) - frameshift deletion = 1, (green) - missense = 4 and ( blue) - 

nonsense = 2, and C) NFE2L2 protein (  pink) - in-frame deletion = 2, and (  turquoise) - missense = 10. 
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Figure 2.10 Distribution of mutations in driver genes (ZNF750 and NOTCH1) in OSCC. 

A schematic illustration represents the domain structure of ZNF750 and NOTCH1 proteins, highlighting the distribution of mutation identified by our WES. Pins on 

the figure denote mutations. The Y-axis represents the frequency of samples found with the mutation, while the X-axis is a schematic representation of the protein, 

indicating the location of important domains and regions of ZNF750 and NOTCH1 protein. The right panel shows the type of mutations found in each protein and 

protein domains along the protein structure. A) ZNF750 protein. Mutations are indicated by colour-coding, (  pink) - frameshift insertion = 1, (green) -  frameshift 

deletion = 2, (turquoise) - missense = 1 and (purple) - nonsense = 2, while B) NOTCH1 protein, in (  pink) - frameshift insertion = 1, (green) - in-frame deletion = 1, 

(turquoise) - missense = 11 and (purple) - nonsense = 1.  
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Figure 2.11 Transition and transversion mutations in OSCC patients. 

The whole-exome mutation spectra in the coding regions of 67 oesophageal cancer genomes. A) Frequency and distribution of the six substitution subtypes in 67 

samples. Single-nucleotide substitutions were classified into six subtypes and each category was represented by different colours. Substitution type (T:A>G:C (  red), 

T:A>C:G (orange), T:A>A:T (yellow), C:G> T:A (lime), C:G>G:C (green), C:G>A:T (blue). B) Normalised proportion of substitution subtypes in 67 samples.  
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Consistent with our WGS findings, the transition and transversion rate analysis in coding 

sequences of our samples revealed a high frequency of C:G> T:A transitions, followed by 

C:G>A:T and C:G>G:C transversions (Figure 2.11). The high C:G> T:A mutations observed 

in our cohort is consistent with previous reports of OSCC [77, 122, 123, 125, 128, 131, 137, 

138, 142, 154]. 

 

2.2.3.2 Mutation signatures  

The analysis of mutation signatures revealed seven mutation signatures (SBS1, SBS2, SBS5, 

SBS10b, SBS13, SBS15 and SBS55) across the 67 samples (Figure 2.12). Notably, SBS1 and 

SBS5 were found in all samples, and solely contributors to mutations in 45% (30 out of 67) of 

the samples (Figure 2.12). Both SBS1 and SBS5 are age-related mutation signatures, indicating 

that the number of mutations in tumours correlates with the age of the individual at diagnosis 

[241]. Additionally, APOBEC-mediated mutation signatures; SBS2 and SBS13 were detected 

in 37% (25 out of 67) and 40% (27 out of 67) of the samples, respectively (Figure 2.12). The 

prevalence of age-related (SBS1 and SBS5) and APOBEC-mediated mutation signatures, 

(SBS2 and SBS13) in our WES cohort is consistent with the significant presence of SBS1, 

SBS2 and SBS13 observed in our WGS cohort. Similarly, previous studies have found 

APOBEC-mediated mutation signatures and age-related (clock-like) signatures as most 

prevalent in OSCC samples [22, 77, 123-125, 128, 131, 135, 136, 138, 139, 142, 238-240], 

suggesting their role in OSCC mutagenesis and development. 

 

The mutation signature SBS10b, characterized by C>T mutations (Figure 2.12C), was detected 

in 6% (4/67) samples. This signature is associated with altered activity of the error-prone 

polymerase epsilon exonuclease domain (POLE) [230]. On the other hand, SBS15 

predominantly characterized by C>T mutations and is associated with defective DNA 

mismatch repair [146]. SBS15 was detected in 9% (6 out of 67) of the samples (Figure 2.12). 

The mutation signatures SBS10b and SBS15 associated with DNA proofreading defects 

observed in our WES analysis, were not found in our WGS analysis. However, within our WGS 

cohort, we found one signature, SBS6, which is associated with defective DNA mismatch 

repair [146]. These results suggest a potential association between defects in DNA repair 

pathways and OSCC, highlighting roles of defects DNA repair mechanisms in OSCC 

development. On the other hand, signature SBS55 was detected in 9% (6 out of 67) of the 

samples. Currently, SBS55 is considered a non-validated signature possibly arising from a 
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sequencing artifact [230]. Despite being detected only in our WES analysis and not in our WGS 

analysis, SBS55 was previously reported by Alexandrov et al., [230] using both WGS and WES 

techniques. 

 

Similar to our observations in the WGS analysis, our results revealed samples exhibiting 

combinations of two or more individual mutation signatures, a pattern consistently observed 

across all samples. Notably, among them, 30 out of 67 of the samples (45%) showed 

enrichment of mutations from both age-related signatures, SBS1 and SBS5 (Figure 2.12). 

Furthermore, 28% (19 out of 67) of the samples displayed four different mutations, including 

SBS1 and SBS5 and APOBEC signatures (SBS2 and SBS13) (Figure 2.12). Some samples 

displayed three mutation signatures (SBS1, SBS5 and SBS15), while others exhibited five 

(SBS1, SBS2, SBS5, SBS13 and SBS15 or SBS1, SBS2, SBS5, SBS10b, SBS13 and SBS15) 

(Figure 2.12). The presence of combinations of mutation signatures suggests a complex 

interaction of various mutation processes existing within these samples. The enrichment of 

mutations from both age-related signatures, SBS1 and SBS5, in a large portion of the samples 

emphasise the influence of aging on the mutational profile in our cohort. Moreover, the co-

occurrence of age-associated signatures (SBS1 and SBS5), APOBEC signatures (SBS2 and 

SBS13), along with other signatures within samples, highlights the diverse mechanisms 

contributing to mutagenesis in our cohort. 

 

We further explored the association between different mutation signatures and patients’ 

epidemiological data as well as their mutational profiles. The somatic mutations observed in 

our cohort were primarily attributed to age-related mutation signatures; SBS1 and SBS5 

(Figure 2.12). Consistent with this, the majority of patients (94%, 63 out of 67) were aged from 

45 to 89, with 18% (12 out of 67) of the population being 70 years old or older, while only 6% 

(4 out of 67) were younger than 45 years old. Additionally, all of the samples exhibiting a 

predominant presence of these two age-related mutation signatures were from individuals older 

than 45 years old, except for two samples (PD55978a and PD55961a), both from female 

patients aged 41 years old (Figure 2.8, Figure 2.12).  

 

The age-related mutation signature SBS5 is characterized primarily by C>T and T>C 

transitions (Figure 2.12C), and its mutational burden is reported increased in many cancer types 

associated with tobacco smoking, such as head and neck cancer, colorectal carcinoma and lung 

squamous cell carcinoma [241]. Indeed, the majority of the samples (41 out of 67) displaying 
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high SBS5 mutational activities were either smokers or ex-smokers. Furthermore, sample 

PD56028b, a non-smoker female, showed the lowest contribution of SBS5 mutational burden 

(Figure 2.8, Figure 2.12).  

 

SBS10b is caused by POLE proofreading defects. POLE is responsible for recognition and 

excision of mismatched base mutations and can consequently lead to DNA hypermutation 

[230]. As expected, the four patients (PD56028b, PD56024b, PD56017b, PD55996a) showing 

this signature tended to have a higher mutation burden (ranging from 3.4-27.2 mutations/Mb) 

(Figure 2.8 and Figure 2.12). Additionally, one of the four patients (PD56017b) showed a 

missense mutation (D2218Y) within POLE, although this was not observed in the other 

samples.  

 

Notably, similar to our WGS analysis, we did not detect smoking-associated mutation 

signatures such as SBS4 and SBS29 or alcohol consumption (SBS16) in this cohort of samples. 

This is consistent with prior studies that also did not find these mutation signatures in their 

cohorts [22, 77, 128]. These signatures are characterized by C>A mutations [146, 241]. Our 

further analysis found no difference in the overall mutation load between the smokers and non-

smokers (Figure 2.8), consistent with findings from other OSCC cohorts [77, 123-125, 127, 

128, 135, 155]. However, when comparing the proportion of C>A transversions between 

smoking and non-smoking individuals, we found that C>A substitutions were found less 

frequent in non-smokers group compared to smokers (Figure 2.11). Mangalaparthi and 

colleagues [135] similarly found a higher frequency of C > A transversions in individuals who 

used chewing tobacco, followed by smokers, with the lowest frequency of C > A transversions 

in non-smokers [135]. Moreover, two samples from non-smokers (PD55971a and PD55978a) 

were observed with no C>A substitutions (Figure 2.11). On the other hand, we did not observe 

a similar distinction for T>C substitutions between alcohol consumers and non-consumers, 

further highlighting the complexity of OSCC mutagenesis and the potential influence of factors 

beyond smoking and alcohol consumption. 
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Figure 2.12 Mutation signatures in OSCC patients. 

The contribution of seven mutation signatures (SBS1, SBS2, SBS5, SBS10b, SBS13, SBS15 and SBS55) to individual tumours within our cohort. A) Each bar on the 

vertical axis represents a sample, ordered by the proportion of mutation signatures observed in samples. The mutation signatures are colour-coded: SBS1 (      sky blue), 

SBS2 (       peach ), SBS5 (       blue), SBS10b (       olive green), SBS13 (       orange), SBS15 (       purple), SBS55 (       green). The distribution and contribution of 

each mutation signatures to the total number of mutations in each tumour. B) A normalised plot displaying the contribution of each mutation signatures c in each 

tumour. C) Patterns of the seven mutation signatures retrieved from the Catalogue Of Somatic Mutations In Cancer (COSMIC) for SBS mutation signatures (v3.3) 

(https://cancer.sanger.ac.uk/signatures/sbs/). Accessed on October 24, 2023. 

 

 

https://cancer.sanger.ac.uk/signatures/sbs/
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2.2.3.3 Significantly affected biological pathways in OSCC  

Pathways analysis was performed using the Reactome pathway database webtool (version 86) 

[294], to examine the biological functions of the frequently mutated genes in our cohort. Based 

on our pathway enrichment analysis using the top 70 frequently mutated genes identified 

through WES (Table 2.6), we found that eight biological pathways were significantly affected 

(p-value < 0.05, FDR <0.05). These pathways included “cellular responses to stimuli”, “disease 

pathway”, “gene expression (transcription)”, “extracellular matrix organization”, “metabolism 

of proteins”, “signal transduction”, “neuronal system” and “cell-cell communication” (Figure 

2.13). Notably, many of these pathways were previously reported to be involved in cancer-

associated pathways including “cell cycle”, “histone modification pathway”, “NOTCH 

signalling pathway”, “KEAP1-NFE2L2 pathway” [77, 122-134, 136-143], consistent with our 

findings from our WGS data analysis.  

 

Table 2.6 The top 70 frequently mutated genes in 67 OSCC samples. 

 

 



 
 

67 

Similar to our WGS findings, the pathway most significantly disrupted was “cellular responses 

to stimuli” (Figure 2.14A, Table 2.7). Within this pathway, several molecular events and sub-

pathways were significantly enriched, including regulation of NFE2L2 gene expression, 

NFE2L2 regulating multi-drug resistance (MDR) associated enzymes, NFE2L2 regulating 

tumorigenic genes, nuclear events mediated by NFE2L2 and KEAP1-NFE2L2 pathway (Figure 

2.14, Table 2.7). All of these pathways and molecular events were mainly involved in 

regulation of NFE2L2 expression, NFE2L2 targeted genes, and the KEAP1-NFE2L2 pathway. 

 

Although there was overlap in the pathways significantly disrupted between WGS and WES 

analysis, including “disease pathway”, “gene expression (transcription)”, “extracellular matrix 

organization”, “metabolism of proteins” and “signal transduction”, two additional pathways, 

“neuronal system” and “cell-cell communication”, were exclusively found in the WES cohort. 

These pathways play crucial roles in mediating interactions between tumour cells and their 

surrounding microenvironment, potentially influencing tumour development and progression 

[308, 309]. 
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Figure 2.13 Significantly affected pathways in OSCC. 

Pathways significantly affected from our gene list, depicted with a colour-coded scale indicating their respective p-values. Analysis excluded protein-protein interactors 

from the IntAct database to ensure pathways identified were curated by Reactome and held biological significance. Significant pathways (p-value < 0.05, FDR <0.05) 

included “cellular responses to stimuli”, “disease pathway”, “gene expression (transcription)”, “extracellular matrix organization”, “metabolism of proteins”, “signal 

transduction”, “neuronal system” and “cell-cell communication”. Note that fourteen Reactome pathways, including “autophagy”, “protein localization”, “vesicle-

mediated transport”, “organelle biogenesis and maintenance”, “reproduction”, “DNA replication”, “DNA repair”, “metabolism of RNA”, “drugADME”, “sensory 

perception”, “metabolism”, “digestion and absorption”, “circadian clock” and “hemostasis”, showed no association with the altered genes in our cohort.  

p-value
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Figure 2.14 Gene involvement in significantly affected pathways in OSCC. 

The altered genes involvement within various significantly affected pathways. A) Sub-pathways or molecular events involved in the seven pathways significantly 

affected (“cellular responses to stimuli”, “gene expression (transcription)”, “disease pathway”, “metabolism of proteins”, “extracellular matrix organization”, “signal 

transduction” and “immune system”) B) Genes involved in the affected sub-pathways, with x indicating the corresponding gene (X-axis) and the corresponding sub-

pathway (Y-axis) involved. Gene names and their corresponding uniport IDs and: protein names, matched to Reactome pathways are listed as follows: TP53 (P04637: 

Tumour suppressor p53), NOTCH1 (P46531: Neurogenic locus notch homolog protein 1), MUC16 (Q8WXI7: Mucin-16), NFE2L2 (Q16236: NFE2-related factor 2), 

KMT2D (O14686: Histone-lysine N-methyltransferase 2D), MUC12 (Q9UKN1:Mucin-12), ABCC1 (P33527: Multidrug resistance-associated protein 1), ZFHX3 

(Q15911: Zinc finger homeobox protein 3), PLEC (Q15149: Plectin), NRXN1 (Q9ULB1: Neurexin I-alpha), MUC17 (Q685J3: Mucin-17), KMT2C (Q8NEZ4: Histone-

lysine N-methyltransferase 2C), KDM6A (O15550:Lysine-specific demethylase 6A), DMD (P11532: Dystrophin), SHANK2 (Q9UPX8: SH3 and multiple ankyrin 

repeat domains protein 2), LAMA3 (Q16787: Laminin subunit alpha-3), HSPG2 (P98160: Basement membrane-specific heparan sulphate proteoglycan core protein), 

FBN2 (P35556: Fibrillin-2) and SLITRK4 (Q8IW52: SLIT and NTRK-like protein 4). Statistical significance is indicated by p-value < 0.05 and False Discovery Rate 

(FDR) <0.05. 
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Involvement of the KMT2D, KMT2C and KDM6A were enriched in the “gene expression 

(transcription)” pathway, particularly through the formation of WDR5-containing histone-

modifying complexes (Figure 2.14). Histone modification enzymes, such as these, play crucial 

roles in cancer development and progression by modifying chromatin structure and regulating 

gene expression [211]. Both KMT2D and KMT2C facilitate transcriptional activation of target 

genes by modifying Histone H3 Lysine 4 Trimethylation (H3K4me3) [312]. 

 

Table 2.7 Significantly enriched pathways ranked according to their p-value and FDR. 

 
MDR - multi-drug resistance, HFTC - Hyperphosphatemic Familial Tumoral Calcinosis, CRCS1 - colorectal 

cancer 1, TNPS - Tn polyagglutination syndrome, ECM - Extracellular matrix (p-value < 0.05, FDR <0.05). 
FDR - False Discovery Rate. 

 

Our WES analysis revealed 35 frequently mutated genes, among these, TP53, NFE2L2, 

CDKN2A.p16INK4a, ZNF750 and NOTCH1 were identified as cancer driver genes. Based on 

the mutation spectra analysis, the samples clustered into three distinct groups: cluster 1, cluster 

2a and cluster 2b, expanding upon the two clusters (cluster 1 and cluster 2b) identified in our 

WGS analysis. Consistent with WGS findings, these clusters were differentiated by the 

frequency of TP53 alterations and the mutations per Mb sequenced in samples. In both WGS 

and WES analyses, cluster 1 tumours had TP53 mutations and a relatively high somatic 

mutation rate per Mb, comprising the majority of samples in our cohort compared to other 

clusters. Cluster 2, observed in both WES and WGS analyses, showed no TP53 mutations and 

was more prevalent among black female patients. However, in the WES analysis, cluster 2 was 

further divided into subclusters 2a and 2b. Cluster 2a displayed a high mutation rate per Mb, 

while cluster 2b displayed fewer genomic alterations. Across these clusters, the predominant 
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mutation types included C:G> T:A transitions and C:G>A:T transversions, similar to the that 

observed in our WGS analysis.  

 

Mutation signature analysis identified seven mutation signatures: SBS1, SBS2, SBS5, SBS10b, 

SBS13, SBS15 and SBS55 across the 67 samples. Notably, SBS1, SBS5, SBS2 and SBS13 

made significant contributions to the mutation burden in our cohort, consistent with our WGS 

findings. This suggests diverse mechanisms contributing to mutagenesis, with aging and 

APOBEC activation being crucial in OSCC tumour development. Furthermore, combinations 

of these mutation signatures were consistently observed across all samples, with 45% of the 

samples showing mutations from both age-related signatures, SBS1 and SBS5. Additionally, 

28% of the samples displayed a mix of age-related signatures and APOBEC-associated 

mutation signatures. Some samples displayed three mutation signatures, while others showed 

five mutation signatures. This highlights the complex interplay of various mutation processes 

within the samples and the diverse mechanisms contributing to mutagenesis in our cohort. 

Interestingly, although unknown signatures were found in our WGS analysis, none were 

detected in the WES analysis. These unknown signatures, identified solely in the WGS 

analysis, likely arise from mutations in non-coding regions.  

 

Pathway enrichment analysis revealed eight biological pathways associated with our altered 

genes, including “cellular responses to stimuli”, “disease pathway”, “gene expression 

(transcription)”, “extracellular matrix organization”, “metabolism of proteins”, “signal 

transduction”, “neuronal system” and “cell-cell communication”. Many of these pathways 

were previously reported to be involved in cancer-associated pathways including “cell cycle”, 

“histone modification pathway”, “NOTCH signalling pathway”, KEAP1-NFE2L2 pathway 

[15, 71, 115-126, 128-135]. Consistent with our WGS findings, “cellular responses to stimuli” 

pathway was the most disrupted pathway in our cohort, with various molecular events and sub-

pathways, including the regulation of NFE2L2 gene expression and the KEAP1-NFE2L2 

pathway. These findings suggest the role of NFE2L2 and its regulatory network in mediating 

“cellular responses to stimuli”, implicating its involvement in the molecular mechanisms 

driving tumorigenesis. Furthermore, while there was overlap in the disrupted pathways 

significantly disrupted between WGS and WES analysis, two additional pathways, “neuronal 

system” and “cell-cell communication”, were exclusively found in the WES cohort. These 

pathways contribute to the interactions between tumour cells and their surrounding 

microenvironment, playing a crucial roles in tumour development and progression [308, 309] 
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2.2.4 Validation of bioinformatics analysis by re-sequencing 

Our sequencing data identified variants of significant impact that could drive the development 

of oesophageal squamous cell carcinoma, as outlined earlier in this chapter (section 2.2.2.1 and 

section 2.2.3.1). Given the significance of our results, we sought to validate variants identified 

through WGS and WES to ensure the accuracy and sensitivity of our bioinformatics data. To 

validate the somatic mutations obtained through sequencing, we performed experimental 

validation through PCR-based Sanger sequencing on a selected subset of genes from the whole 

genome sequencing data. We examined six genes mutated in at least two samples with non-

silent mutations. Among these genes, three are well-established tumour suppressors/oncogenes 

frequently mutated in OSCC (CDKN2A, NFE2L2 and PIK3CA), while the remaining three 

(TOPBP1, ERCC6 and C20orf196) are less characterized in OSCC.  

 

Due to limitations in samples availability, the DNA content of some of the biopsy samples 

were insufficient for additional PCR and sequencing analysis. Therefore, only the samples 

listed in Table 2.8 (below) were used for further analysis for the selected mutations as indicated.  

 

Table 2.8 List of somatic mutations validated. 

 
 

All CDKN2A mutations were confirmed in all samples tested. These mutations included 

CDKN2A c.172C>T [p.R58*], c.322G>T [p.D108Y] and c.329G>A [p.W110*] as well as the 

frameshift insertion of 40 bp 

c.244_245insGAGCCCAACTGCGCCGACCCCGCCACTCTCACCCGACCCG 

[p.V82fs*51] (Figures 2.15 and 2.16A). Of note, the 40 bp frameshift insertion was 

heterozygous in patient PD39449a, as indicated by the presence of bands for both mutant and 

wild-type sequences (Figures 2.15, Figure 2.16B).  
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Figure 2.15 Primer design and PCR amplification for CDKN2A mutations validation. 

A) Sequence of the PCR amplified region encompassing CDKN2A exon 2 (red) flanked by CDKN2A intron 1 and 2 (black). Two amplicons were observed for CDKN2A: 

a wild-type amplicon of 410 bp and a mutant 450 bp amplicon. The 40 nucleotides insertion is indicated in a blue highlighter. The three codons mutated by single base 

substitutions are highlighted in grey. The specific primer pairs used for CDKN2A mutational analysis are indicated in Materials and Methods in section 6.2.2.7, Table 

6.4. The positions of the two primers used for PCR amplification are shown in bold. B) Agarose gel analysis of PCR products of DNA from tumour samples with 

mutations. DNA was extracted from the tumour samples as described in Material and Methods in section 6.2.1.3 and 50ng genomic DNA was used for PCR reaction 

mixture with 5% DMSO as listed in Table 6.6. PCR conditions are listed in Material and Methods in section 6.2.4, Table 6.7. PCR products were separated on a 1% 

agarose gel for 120 minutes. Sample PD39451, PD39455, PD39459 and PD394593 PCR products as well as agarose gel slices PD39449a and PD39449b were subjected 

to DNA sequencing to validate the presence of CDKN2A mutations.  
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Figure 2.16 Sanger sequencing of CDKN2A PCR products. 

A) The position of nucleotide substitution is indicated by a black arrow. The codons mutated by single base substitutions are indicated with a bracket. In sample 

PD39451 and PD39455 at codon 58, (CGA > TGA), the mutation changed an arginine into a stop codon [p.R58*]. In sample PD39459 at codon 110 (TGG > TAG), 

the mutation changed a tryptophan into a stop codon [p.W110*]. In sample PD39453 at codon 108 (GAT > AAT), the mutation changed aspartic acid into asparagine 

[p.D108N]. In sample PD39449, the insertion of 40 nucleotides in CDKN2A was heterozygous. This was also confirmed by the sequences of the two gel bands. B) In 

sample PD39449, the frameshift insertion of 40 nucleotides in CDKN2A was heterozygous. PD39449a gel band (mutant) on the left showed overlap peaks of both 

mutant and wild-type sequences starting at nucleotide 153 while PD39449b gel band (wild-type) on the right had wild-type peaks only. 
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Figure 2.17 Primer design and PCR amplification for PIK3CA mutation validation. 

A) Sequence of the PCR amplified region encompassing PIK3CA exon 9 (red) flanked by PIK3CA intron 8 and 9 (black). The codon mutated is highlighted in grey. 

The specific primer pairs used for PIK3CA mutational analysis are indicated in Materials and Methods in section 6.2.2.7, Table 6.4. The positions of the two primers 

used for PCR amplification are shown bolded in black. Amplicon size was 424bp. B) Agarose gel analysis of PCR products of DNA from tumour samples with 

mutations. DNA was extracted from the tumour samples as described in Material and Methods in section 6.2.1.3 and 50ng genomic DNA was used for PCR reaction 

mixture as listed in Table 6.5. PCR conditions are listed in Material and Methods in section 6.2.4, Table 6.7. PCR products were subjected to DNA sequencing to 

validate the presence of PIK3CA mutations.  
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Figure 2.18 Sanger sequencing of PIK3CA PCR products. 

Sequencing chromatograms showing the mutations of PIK3CA exon 9 as identified in our cohort. The position of nucleotide substitution is indicated by a black arrow. 

The codon mutated by single base substitution is indicated with a bracket. In samples PD39449 and PD39457 at codon 454, (GAG > AAG) the mutation changed 

glutamic acid into lysine [E454K].  



 
 

79 

PIK3CA c.1633G>A [p.E545K] missense mutation was validated in the one of the two samples 

(Figures 2.17 and Figure 2.18). In the case PD39449, Sanger sequencing failed to clearly 

confirm the presence of the mutation. The chromatogram displayed a very low mutation peak; 

specifically, the A (mutant) peak was considerably smaller than the G (wild-type) peak, 

suggesting a possible false negative result. (Figure 2.18). 

 

All three NFE2L2 mutations (NFE2L2 c.101G>A [p.R34Q], c.229G>C [p.D77H], c.241G>A 

[p.G81S]) were preset in exon 2 (Table 2.8) and were validated in all examined samples 

(Figures 2.19, Figure 2.20 and Figure 2.21). Mutations in C20orf196 were present in exon 1 

(C20orf196 c.161C>T [p.S54F]) for sample PD39457 and in exon 2 (C20orf196 c.211T>A 

[p.S71T]) for sample PD39459 (Table 2.8). Although all C20orf196 mutations were validated, 

the peak heights of mutant alleles were smaller than the wild-type alleles in both samples 

(Figures 2.19, Figure 2.20 and Figure 2.21). 

 

Two different mutations were examined for TOPBP1 and ERCC6 (Table 2.8); however, only 

one mutation was validated for each gene: TOPBP1 c.3792A>T [p.L1264F] and ERCC6 

c.3254C>G [p.S1085C] (Figures 2.19, Figure 2.20 and Figure 2.21).  

 

The majority of mutations (12/14, 86%) examined have been validated, thus demonstrating the 

specificity and precision of bioinformatics data. Additionally, our analysis of mutation 

validation revealed the presence of overlapping peaks, where both wild-type and mutant bases 

are present at mutated sites across most of the genes analysed (Figures 2.16, Figure 2.18, Figure 

2.21). This phenomenon could be due to the following: the heterozygous nature of mutations 

within genes (where one allele exhibits a mutation while the other retains the wild-type 

sequence), the presence of polyclonal tumour cells in our samples, or contamination from 

normal tissue in the tumour samples. 

 

In sample PD39449, where the tumour percentage was 54% (Table 2.9), despite the observation 

that more than half of the cells in this were tumour cells, the mutant allele's peak height (green) 

was less than 1/4 of the wild-type allele's peak height (black) (Figure 2.18). This observation 

suggests that only one of the alleles in the tumour tissue is mutated. Furthermore, it is possible 

that in some samples with low tumour tissue percentages, mutations may fall below the limit 

of detection, a known pitfall of tissue-based next generation sequencing assays [313]. This 
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limitation potentially explains the false negative result for the ERCC6 c.3254C>G [p.S1085C] 

mutation in sample PD39460 (tumour percentage below 20%) (Figure 2.21, Table 2.9). 

 

In summary, our analysis of WGS and WES revealed frequently mutated genes and driver 

genes such as TP53, NFE2L2, CDKN2A.p16INK4a, CDKN2A.p14ARF, KMT2D, ZNF750 and 

NOTCH1. We also identified mutation signatures and affected pathways within our cohort. 

Based on the mutation spectra analysis, we found three distinct groups: cluster 1, cluster 2a and 

cluster 2b, characterized by the frequency of TP53 alterations and the mutations per Mb 

sequenced in samples. Age-related signatures (SBS1 and SBS5) and APOBEC-associated 

(SBS2 and SBS13) were predominant in our cohort, suggesting diverse mechanisms 

contributing to mutagenesis, with aging and APOBEC activation being crucial in OSCC 

tumour development. In addition, three novel mutation signatures were detected by WGS, 

although the relevance of this signature for OSCC in South African population is uncertain 

given the low incidence observed. Sanger sequencing validated 12 of the 14 selected mutations, 

comprising one insertion and 13 synonymous mutations across six genes, including well-

known cancer genes and new identified recurrently mutated genes in OSCC. Collectively, our 

findings provide very interesting insights into frequently mutated genes, driver genes, 

molecular subtypes in OSCC, disrupted pathways, mutation signatures in OSCC. 
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Figure 2.19 Primer design of NFE2L2, C20orf196, TOPBP1, and ERCC6. 

Sequence of the PCR amplified region for NFE2L2, C20orf196, TOPBP1, and ERCC6. Exons (red) flanked introns (black). The codons are highlighted in grey. The 

specific primer pairs used for each gene mutational analysis are indicated in Materials and Methods in section 6.2.2.7, Table 6.4. The positions of the two primers used 

for PCR amplification are shown in bold. A) NFE2L2, B) C20orf196, C) TOPBP1, and D) ERCC6. 
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Figure 2.20 PCR amplification of NFE2L2, C20orf196, TOPBP1, and ERCC6. 

Agarose gel analysis of PCR products of DNA from tumour samples with mutations. DNA was extracted from the tumour samples as described in Material and Methods 

in section 6.2.1.3 and 50ng genomic DNA was used for PCR reaction mixture as listed in Table 6.5. PCR conditions are listed in Material and Methods in section 6.2.4, 

Table 6.7. PCR products were separated on a 1% agarose gel for 55 minutes. PCR products were subjected to DNA sequencing to validate the presence of NFE2L2, 

TOPBP1, ERCC6, and C20orf196 mutations.  
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Figure 2.21 Sanger sequencing of NFE2L2, TOPBP1, ERCC6, and C20orf196 PCR products. 

Sequencing chromatograms showing the mutations of NFE2L2, TOPBP1, ERCC6, and C20orf196 mutations. The curves are colour coded to indicate the four DNA 

nucleotides: G (black), C (blue), A (green), and T (red). The position of nucleotide substitution is indicated by a black arrow. The codon mutated by single base 

substitution is indicated with a bracket. A) For NFE2L2, in sample PD39449 at codon 34, the CGA > CAA mutation changed arginine into glutamine [p.R34Q], while 

in sample PD50653 at codon 77, the GAT > CAT mutation changed aspartic acid into histidine [p.D77H] and in sample PD39455 at codon 81, the GGT > AGT 

mutation changed glycine into serine [p.G81S]). B) For C20orf196 mutations in sample PD39457 at codon 54, the TCT > TTT mutation changed serine into 

phenylalanine [p.S54F] and in sample PD39459 at codon 71, the TCC > ACC mutation changed serine into threonine [p.S71T]). C) Validated TOPBP1 mutation (TTA 

> TTT, -strand) in sample PD39451 at codon 1264 changed leucine into phenylalanine [p.L1264F]). D)Validated ERCC6 mutation (TCT > TGT, -strand) in sample 

PD39448 at codon 1085 changed serine into cysteine [p.S1085C]. 
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2.3 Discussion 

In this study, we performed whole genome sequencing and whole exome sequencing analysis 

on 31 and 67 OSCC samples, respectively, to investigate the mutational landscape in South 

African oesophageal squamous cell carcinoma patients. Several novel findings have been 

identified in this study including driver genes, molecular subtypes of OSCC, mutation 

signatures and several frequently mutated genes associated with known cancer pathways. 

 

The observed median tumour mutation burden of non-silent variants, at 2.5 mutations per Mb, 

was similar to the reported mutation load of 1.9–3 mutations per Mb in OSCC [123-125, 128, 

135, 139]. We identified frequently mutated genes including TP53, AHNAK2, TTN, AHNAK, 

NOTCH1, KMT2D, NFE2L2, CDKN2A, PCLO, CSMD3, PIK3CA, LRP1B, FAT3, FAT2, 

KMT2C, RYR2 and MUC16 across both the WGS and WES cohorts. Most of these genes had 

recurrent loss-of-function mutations including missense, nonsense, and frameshift variants 

indels, or splicing variants, suggesting their roles tumour suppressor [139]. Furthermore, our 

study found a considerable overlap between frequently mutated genes in our cohort and other 

high-risk regions for oesophageal squamous cell carcinoma including Malawi and Asia [22, 

77, 123-125, 127, 128, 131, 135, 136, 138, 139, 142, 143, 156].  

 

We identified several driver genes in our analysis including TP53, CDKN2A (p14ARF and 

p16INK4a), and KMT2D in our WGS analysis, and TP53, CDKN2A (p16INK4a), NFE2L2, 

ZNF750 and NOTCH1 in our WES analysis. These findings suggest deregulation in genomic 

stability and cell cycle progression in OSCC [158], consistent with previously reported 

significantly mutated genes (driver genes) in OSCC cohorts [77, 124, 125, 127, 128, 131-133, 

136, 142, 154-157]. Although there was some overlap in the driver genes identified by both 

WGS and WES, certain driver genes were unique to each analysis, NFE2L2, ZNF750 and 

NOTCH1 in the WES cohort, and p14ARF and KMT2D in the WGS cohort. The difference in 

detected mutations can partly be attributed to the difference in sample size, with WGS 

involving on 31 samples, and WES involving 67 samples. A larger sample size in WES 

increases statistical power and enhances the cohort's diversity, potentially detecting mutations 

that are missed by WGS. 

 

Most TP53 mutations occurred predominantly in the DNA-binding domain, particularly at 

TP53 mutation hotspots such as R273 and R282W, similar to previous reports [311]. KMT2D 
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mutations clustered throughout the protein, mainly consisting of protein truncating variants, 

including in-frame indels and nonsense variants. NFE2L2 mutations clustered in NFE2L2 

mutation hotspots, including mutations within KEAP1 binding motifs (ETGE and DLG) of 

NFE2L2 (p.W24, p.V32, p.R34, p.D77, p.E79 and p.E82), which had been previously reported 

in OSCC [136, 156, 219]. Notably, mutations such as p.R34Q and p.E79K hinder the tumour 

suppressive activity of NFE2L2 protein and exert an oncogenic role in OSCC [136].  

 

Another key finding was the identification of CDKN2A-encoded proteins (p14ARF and 

p16INK4a) as driver genes in our cohort. However, p14ARF mutations were identified as a 

driver in our WGS analysis but not in our WES analysis, possibly due to the fewer mutations 

in p14ARF within this cohort. Furthermore, two of the mutations in CDKN2A (p16INK4a 

[p.Q50* and p.L16fs*6]) occurred in exon 1α encoding for p16INK4a, while one mutation in 

exon 2 of (p16INK4a [p.L130P]) occurred outside the p14ARF coding region. Previous studies 

frequently report driver mutations of p16INK4a in OSCC rather than p14ARF [156]. 

Additionally, mutations in exon 2 of p14ARF and p16INK4a almost exclusively inactivate 

p16INK4a protein only [314]. In our WGS analysis, most of the CDKN2A mutations were 

located in exon 2 of p14ARF and p16INK4a. The majority of these mutations resulted in a 

premature truncation of the p16INK4a protein. Several of these mutations occurred at 

p16INK4a mutational hotspot (p.R58*, p.W110* and p.D108X), which were reported in two 

or more samples, consistent with frequencies previously observed in other OSCC populations 

[124, 128, 174]. These alterations are predicted to confer a loss of function of the protein, 

disrupting its tumour suppressive role and predisposing individuals to cancer [177]. In 

comparison, the majority of p14ARF exon 2 mutations resulted in mainly missense mutations. 

Point mutations in exon 1β (encoding for p14ARF) are infrequent [175], with p16INK4a 

genomic alterations being more common than those of p14ARF in OSCC [176]. Similarly, in 

our WES analysis, we observed two mutations in exon 1α encoding for p16INK4a (p16INK4a 

[p.Q50* and p.L16fs*6]), and none in exon 1β of p14ARF. Moreover, one mutation in exon 2 

of p16INK4a [p.L130P] occurred outside the p14ARF coding region, potentially explaining 

why p14ARF mutations were not significant drivers in our WES analysis. Mutations in these 

driver genes could confer growth advantages to cancer cells and promote the development and 

progression of oesophageal squamous cell carcinoma [315]. 

 

Various studies revealed molecular evidence suggesting the presence of sub-structuring of 

OSCC (reviewed in [284]). These studies have identified distinct molecular subtypes within 
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their cohorts [22, 128, 132, 137, 297]. In our study, both of our WGS and WES cohorts revealed 

distinct clusters based on the mutation profile of our samples. Our WGS analysis identified two 

distinct clusters labelled (in our study) cluster 1 and cluster 2b, primarily distinguished by the 

presence of TP53 alterations and the frequency of mutations per Mb sequenced. Meanwhile, 

within our WES cohort, the samples clustered into three distinct groups labelled cluster 1, 

cluster 2a and cluster 2b, expanding upon the two clusters identified in our WGS analysis. In 

both WGS and WES analysis, cluster 1 tumours were characterized by TP53 mutations and a 

relatively high somatic mutation rate per Mb, representing the majority of our samples in both 

WGS and WES cohorts. 

 

Cluster 2, on the other hand, showed no TP53 mutations across all samples and was 

predominantly composed of black female patients in both WGS and WES cohorts. In addition, 

cluster 2 was subdivided into two subclusters in WES analysis: cluster 2a showed a high 

mutation rate per Mb while cluster 2b samples exhibited fewer genomic alterations, with the 

fewest somatic mutations per Mb. This pattern of high or low mutation rates and presence or 

absence of TP53 mutations is consistent with observations in Malawian OSCC patients and 

African American OSCC populations [22, 137, 297].  

 

A study of African American OSCC patients reported a complex mutation profile, dividing 

their samples into high and low mutation groups, reflecting similar patterns [137]. Another 

study identified three molecular subtypes within their cohort labelled subtype OSCC1, OSCC2 

and OSCC3 [132]. OSCC1 subtype displayed alterations in the NFE2L2/KEAP1 pathway, 

OSCC2 showed higher rates of mutation of NOTCH1 or ZNF750, while subtype 3 (OSCC3) is 

present among African Americans patients [132], exhibited a lower likelihood of TP53 

mutations. Similarly, a whole exome sequencing analysis of Malawian OSCC samples revealed 

three subtypes based on RNA expression analysis: subtype 1a, 1b and 2 [22]. Their subtype 1b 

as well as subtype 3 (OSCC3) shared characteristics with our cluster 2b, featuring fewer 

genomic alterations, the fewest somatic mutations per Mb and lower prevalence to no 

mutations in TP53.  

 

Cluster 1 in our study appeared to align with previously reported molecular subtypes found in 

Caucasian and Asian patients, subtype 2 (OSCC2) and subtype 1 (OSCC1), respectively [132].  
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The identification of molecular subtypes, such as cluster 2b characterized by fewer genomic 

alterations and allow prevenance of TP53 mutations, suggests specific biological pathways or 

mechanisms involved in the development and progression of OSCC, especially among black 

females, who predominantly exhibited this subtype. Furthermore, these observations suggest 

potential ethnic or geographic influences on OSCC molecular profiles. These findings 

underscore the diverse nature of OSCC and highlight the presence of distinct molecular profiles 

that may significantly influence clinical outcomes and guide therapeutic strategies. 

 

The transition and transversion rate analysis in coding sequences of our samples showed that 

C:G> T:A transitions were the most common mutations, followed by C:G>A:T and C:G>G:C 

transversions, similar to previous studies of OSCC [131, 138]. The C:G> T:A transitions 

predominance is consistent with spontaneous cytosine deamination to thymine [227] being a 

major mutagenic process in oesophageal squamous cell carcinoma, as previously observed in 

OSCC [77, 122, 123, 125, 128, 131, 137, 138, 142, 154].  

 

Our mutation signatures analyses revealed distinct signature profiles in OSCC and their 

correlation with patients’ demographic variables, behavioural or lifestyle factors as well as 

their mutational profiles. Our analysis identified eight mutation signatures in WGS including 

SBS1, SBS2, SBS13, SBS5, and SBS6, and three novel, unknown signatures labelled as 

unknown A, unknown B, and unknown C. Similarly, in our WES analysis, seven mutation 

signatures were identified including SBS1, SBS2, SBS5, SBS10b, SBS13, SBS15 and SBS55 

across the 67 samples. Importantly, SBS1, SBS5, SBS2 and SBS13 significantly contributed 

to the mutation burden in our cohort, consistent with previous OSCC studies [22, 77, 123-125, 

128, 131, 135, 136, 138, 139, 142, 238-240]. The enrichment of mutations from both age-

related signatures, SBS1 and SBS5, in a large portion of the samples highlights the influence 

of aging on the mutational profile in our cohort. Consistently, a significant association was 

shown between signatures SBS1 and SB5 and the age of OSCC patients, as previously reported 

in OSCC [156]. SBS 2 and SBS13 were also detected in several samples, in both WGS and 

WES analyses. These signatures are associated with the hyperactivity of the APOBEC family 

enzyme, cytidine deaminase [146], resulting in deamination of cytidine to uracil within RNA 

and DNA [244]. Additionally, SBS10b suggests polymerase epsilon exonuclease domain 

mutations in our samples, while SBS6 and SBS15 suggests possible defects in mismatch repair 

and microsatellite instability [146]. Interestingly, SBS10b contributes to very high numbers of 

mutations in samples exhibiting this signature, consistently, four samples with SBS10b had a 
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higher mutation burden. On the other hand, the identification of three unknown signatures 

through WGS suggests that there may be unique mutational processes that contributes to 

oesophageal carcinogenesis in South Africa. These unknown signatures, identified solely in the 

WGS analysis, likely arise from mutations in non-coding, although it's unclear how this may 

arise. 

 

In most cancer types, at least two mutation signatures were observed, with a maximum of six 

signatures in cancers of the liver, uterus and stomach [146]. Similarly, across our samples, our 

results revealed samples exhibiting combinations of two or more mutation signatures. In WES 

analysis, 45% of the samples both age-related signatures, while 28% displayed a mixture of 

age-related signatures and APOBEC-associated mutation signatures. Some samples displayed 

3-5 mutation signatures. These results highlights the complex interplay of various mutation 

processes within the samples and the multifaceted nature of mutagenesis in our cohort.  

 

Interestingly, smoking-associated mutation signatures such as SBS4 and SBS29 were not 

detected in OSCC, aligning with previous studies [22, 77, 128]. These signatures are 

characterized by C>A mutations [146, 241]. Further analysis found no difference in the overall 

mutation load between the smokers and non-smokers, consistent with findings from other 

OSCC cohorts [77, 123-125, 127, 128, 135, 155]. Similarly, we did not observe the mutation 

signature typically associated with alcohol consumption (SBS16), further, we found no 

difference in T>C substitutions between alcohol consumers and non-consumers. These 

findings highlight the complexity of OSCC mutagenesis and the potential influence of factors 

beyond smoking and alcohol consumption. 

 

Pathway enrichment analysis revealed six biological pathways associated with our altered 

genes, including “cellular responses to stimuli”, “disease pathway”, “gene expression 

(transcription)”, “extracellular matrix organization” and “metabolism of proteins” across our 

two cohorts. Several of these pathways were previously implicated in cancer-associated 

pathways including “cell cycle”, PI3K/AKT pathway “NOTCH signalling pathway”, Histone 

modification, KEAP1-NFE2L2 pathway [77, 122-134, 136-143]. Among these, “cellular 

responses to stimuli” was the most disrupted pathway in our cohort, exhibiting various 

molecular events and sub-pathways, notably involving regulation of NFE2L2 gene expression 

and the KEAP1-NFE2L2 pathway. NFE2L2 is a transcriptional factor that regulates and 

activates expression of antioxidant response genes involved in the pathway [214]. Under 
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normal conditions, NFE2L2 binds to KEAP1 via its DLG and ETGE domains, leading to its 

proteasomal degradation and low cellular levels [215, 216]. However, upon exposure to 

stresses, inactivation of KEAP1 stabilizes NFE2L2, resulting in elevated expression of its 

target genes, thereby enhancing stress resistance and cell proliferation [214, 217].  

 

Other genes that were involved in regulating cellular stress responses and cellular senescence 

include TP53 and p14ARF and p16INK4a. Previous studies have demonstrated that the 

expression of p14ARF and p16INK4a typically increases in highly proliferative cells affected 

by oncogenic stimuli, provided the genes are intact [316, 317]. Our pathway analysis revealed 

these genes as participants in the “cellular responses to stimuli” pathway, mainly in response 

to oncogene-induced senescence. In addition, p14ARF and p16INK4a were implicated in other 

pathways significantly disrupted in our cohort, such as the “gene expression (transcription)” 

pathway, with molecular events mainly involved in the regulation of TP53 expression and the 

transcription of TP53 target genes such as CDKN1A (p21). These findings suggest that p14ARF 

and p16INK4a regulate the oncogene-induced stress and senescence by regulating gene 

expression and activating TP53 downstream genes like CDKN1A (p21), crucial for maintaining 

genomic stability, regulating cell cycle progression and promoting senescence and possibly 

preventing tumourigenesis [318]. 

 

Components of the “NOTCH signalling pathway” have been reported to interact with p53 

[319]. In our cohort, the NOTCH pathway was mainly enriched in “signal transduction”, 

involving the regulation of pre-NOTCH transcription and translation, expression, and 

processing. Altered genes that were found involved in the NOTCH pathway included NOTCH1 

and TP53, with NOTCH1 frequently disrupted by loss-of-function mutations. This supports the 

role of NOTCH pathway activity in the growth of tumour cells with squamous differentiation 

characteristics [207].  

 

While there was overlap in the significantly disrupted pathways identified in both WGS and 

WES analyses, the WES cohort revealed two additional pathways, “neuronal system” and 

“cell-cell communication”. These pathways contribute to the interactions between tumour cells 

and their surrounding microenvironment, playing a crucial roles in tumour development and 

progression [308, 309]. 
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In summary, this study characterized the genomic landscape of the South African oesophageal 

squamous cell carcinoma, and we identified frequently mutated genes and driver genes, 

disrupted signalling pathways, mutation signatures, and OSCC subtypes. Within our cohort, 

we identified three distinct groups based on mutation spectra labelled as cluster 1, cluster 2a 

and cluster 2b, characterized by varying frequency of TP53 alterations and mutations per Mb 

sequenced. We have reported driver genes crucial to OSCC occurrence and development in 

South African population, including inactivating mutations in TP53, CDKN2A products; 

p14ARF and p16INK4a, KMT2D, NFE2L2, NOTCH1 and ZNF750, along with genomic 

aberrations targeting the NFE2L2-KEAP pathway, cell cycle and senescence and NOTCH 

signalling pathways. Furthermore, we identified the predominant mutation processes linked to 

OSCC such as clock-like signature and the APOBEC-mediated mutation signatures. 

Additionally, our cohort revealed three unknown mutation signatures. Smoking-associated 

mutation signatures did not strongly correlate with OSCC in the South African population, 

suggesting that mutation processes in our cohort may not be primarily driven by smoking or 

tobacco use, despite epidemiological evidence pointing to such a link in patients with OSCC 

in South Africa [6].  
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Chapter 3  

Expression profiles and pathway analysis of 

selected differentially expressed genes in OSCC 
 

3.1. Introduction 

Genetic modifications and genomic instability are two of the mechanisms that can result in 

abnormal proteins and altered expression, thereby potentially contributing to development and 

progression of tumours [320]. In various cancer types, such as oesophageal squamous cell 

carcinoma, researchers have simultaneously investigated genomic alterations and gene 

expression patterns [22, 77, 124, 125, 127, 131, 132, 136, 138, 321]. Expression profiling has 

proven its usefulness in identifying clinical biomarkers in different cancers [322, 323], and 

uncovering the genomic alterations responsible for changes in gene expression profiles can aid 

in predicting driver genes [324]. It is recognised that gene expression changes indicative of 

patient outcomes are subtle and individual genes alone are unlikely to effectively predict 

clinical behaviour [323]. Thus, analysis of gene expression and biological pathways associated 

with cancer could provide a better understanding of molecular alterations and mechanisms of 

carcinogenesis, thereby identifying potential targets for cancer diagnosis, prognosis, and 

treatment [320, 322, 323, 325]. 

 

Various studies, especially in Chinese and Japanese cohorts, have characterized genomic 

abnormalities in OSCC and have explored potential targets and associated pathways [123-125, 

127, 128, 136, 139, 141, 143, 155-157, 213, 239, 296]. Exploration of gene mutations and their 

correlation with OSCC development, prognosis, and progression has led to identification of 

driver genes and potential biomarkers. The analysis by Song et al., [125] of 17 OSCC samples 

by whole genome sequencing and 71 OSCC samples by whole exome sequencing identified 

FAM135B as a prognostic marker for OSCC in China. They reported that FAM135B expression 

promoted malignancy in oesophageal squamous cell carcinoma cells. In another study, Du et 

al., [131] found AJUBA to be frequently disrupted with truncating and frameshift mutations. 

Moreover, they found higher AJUBA expression in OSCC tumour tissues compared to normal 

samples, however, lower levels in AJUBA-mutated tumour samples than in AJUBA-wild-type 

tumour samples in OSCC. Lin et al., [124] identified ZNF750 deletions in 3.4% of OSCC 

tumours, with lower mRNA levels observed in oesophageal tumours compared with normal 

tissue. Furthermore, depletion of ZNF750 promoted cell proliferation in OSCC. A recent study 
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by Cui et al., [136] identified NFE2L2 as a tumour suppressor in OSCC, and that NFE2L2 

mutations could impair its tumour-suppressive function or even confer oncogenic activities. 

Immunohistochemistry analysis showed lower expression of NFE2L2 in NFE2L2 mutant 

tumours compared to normal tissues. Knockdown of wild-type NFE2L2 increased cell 

proliferation, while knockout of mutant NFE2L2 decreased cell proliferation in OSCC cell 

lines. Further analysis showed that the NFE2L2 mutations (p.R34Q and p.E79K) hindered the 

tumour-suppressive activity of NFE2L2 and exerted an oncogenic role [136]. 

 

Given that it is unlikely for a single gene to independently cause cancer or manifest clinical 

phenotypes [323], the accumulation and combination of mutations in driver genes may hold 

more significance than their individual occurrence in cancer development and prognosis [326]. 

Therefore, the importance of analysing driver gene mutations should be adjusted to focus on 

exploring the crosstalk of genes within pathways and investigating their biological functions 

and role in cancer development as a combination of genes rather than single genes [128, 246]. 

Previous studies have found significantly disrupted oncogenic pathways in OSCC, including 

those involved in cell cycle and apoptosis regulation, KEAP1-NFE2L2 pathway, “histone 

modification pathway”, NOTCH signalling, Hippo pathway, PI3K/AKT pathway, DNA-repair 

and Wnt pathway [77, 122-134, 136-143, 156]. Among these, cell cycle regulators constituted 

the most frequently disrupted pathway in oesophageal squamous cell carcinoma, via genetic 

mutations, deletions and amplifications, and/or altered expression [128, 131, 136, 138, 140, 

142, 156, 246]. In addition to loss-of-function TP53 mutations and amplification of Cyclin D1 

(CCND1), frequent truncating mutations (nonsense mutations or frameshift indels), and 

deletion of CDKN2A have been reported in OSCC. Alterations in CDKN2A have been linked 

to defects in the G1/S transition of the cell cycle and associated with survival and senescence 

[167]. Another gene that has been shown to play an important role in regulating cell senescence 

is NFE2L2 [327]. Apart from its role in regulating protective responses against reactive oxygen 

species (ROS), delaying cell senescence and preventing age-related diseases [214, 327, 328], 

recent evidence indicates NFE2L2 involvement in cell cycle pathways through it is association 

with and activation by p21, leading to enhanced reactive oxygen species protection and 

resistance to chemotherapeutic agents [329], indicating a crosstalk between p21-realated 

pathway and KEAP1-NFE2L2 signalling pathway.  

 

Defects in DNA damage repair (DDR) pathways are implicated in genomic instability and 

oncogenesis [330, 331]. Previous studies have evaluated genetic variations revealing a 
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significant association between DNA repair pathways and OSCC [330]. A recent study by Li 

and colleagues [156], integrated OSCC sequencing data from 1930 patients across 33 studies 

found somatic mutations in DNA repair pathway genes in more than 27% of OSCC samples, 

including genes such as BRCA2, TDG, FANCM, RIF, ATM, POLE, and CHEK2. Furthermore, 

tumours with one or more somatic mutations in these genes had significantly elevated 

mutational loads and greater contributions from mutation signature SBS2 and SBS13, which 

are associated with APOBEC related processes [156]. 

 

Our analysis of 31 patients by whole-genome sequencing and 67 patients by whole exome 

sequencing analysis found mutations in genes such as TP53, CDKN2A (encoding proteins 

p14ARF and p16INK4a), NFE2L2, NOTCH1 and ZNF750, or aberrant pathways, such as cell 

cycle NFE2L2-KEAP pathway, cell cycle and NOTCH pathways. These pathways may drive 

the development of OSCC. Despite recent efforts to characterise genomic alterations in OSCC 

[22, 77, 122-125, 127, 128, 130-133, 135-137, 139, 140, 142, 143, 154-157, 239], the number 

of clinically relevant biomarkers for this disease are still limited [136]. Additionally, there is a 

need for more genomic studies on OSCC within African populations to enhance our 

understanding of the tumorigenic processes and develop better diagnostic and prognostic tools 

and therapeutic targets in Africa [16, 19, 31]. This part of the study aimed to characterise the 

extent of alteration in selected genes by investigating the expression profile of genes involved 

in cell cycle and NFE2L2-KEAP pathways; CDKN2A products: p14ARF and p16INK4a and 

NFE2L2, respectively, in two sets of samples. The first set of samples included nine matched 

tumour-normal pairs that were sequenced using WGS, which were found to have mutations in 

CDKN2A and NFE2L2 (Chapter 2), as well as a larger sample size of 79 matched OSCC 

tumour-normal pairs, the second set of samples. The objective was to determine gene 

expression patterns as potential biomarkers for OSCC risk and/or predictors of patients’ 

outcome. The nine sets of samples were used to examine possible trends in tumour compared 

to wild-type, normal adjacent tissue, and subsequently, to validate gene expression patterns in 

a larger sample size of 79 matched tumour-normal pairs. In addition, several DNA damage 

repair genes, including TOPBP1, ERCC6 and C20orf196 were found to be frequently mutated 

in our cohort. Considering that we found mutation signatures associated with defects in DNA 

repair including mutation signatures SBS10b, SBS6 and SBS15, we examined the expression 

of TOPBP1, ERCC6 and C20orf196 in the two sets of samples. 
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3.2.Results 

3.2.1. Epidemiological characteristics of the OSCC patients 

Tumour, adjacent normal tissue, and demographic information were collected from patients 

with OSCC. Epidemiological data and lifestyle risk factors, including age, gender, tumour 

differentiation, histopathology of tumours, smoking status, and survival status of patients, are 

listed in Table 3.1. During the follow-up period, 46 patients were reported deceased, while 10 

patients were alive, and 23 patients could not be contacted on their last follow up. 

 

Table 3.1 Characteristics of patients with OSCC enrolled in this cohort. 

 
GSH - Groote Schuur Hospital, n - number of cases, OSCC - oesophageal squamous cell carcinoma. 
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3.2.2 Cell cycle regulators: p14ARF and p16INK4a mRNA levels in OSCC 

The CDKN2A gene locus codes for two distinct tumour suppressor proteins; p16INK4a and 

p14ARF (alternative reading frame) [164, 332], which are generated by alternative mRNA 

splicing by using alternate reading frames [163]. These two transcripts share common exons 2 

and 3 but have alternatively spliced first exons. Exon 1β codes for p14ARF, located 15 kb 

upstream of exon 1α, which encodes p16INK4a (Figure 3.1). These two transcripts are 

translated into two distinct proteins with two overlapping ORFs (open reading frames) starting 

with different first exons. As a result, they share no amino acid sequence identity and have 

distinct functions [164, 169, 178]. The p16INK4a protein is a 156-amino acid polypeptide 

[333], which induces a G1 cell cycle arrest by inhibiting the phosphorylation of the 

retinoblastoma protein (Rb) by the cyclin-dependent kinases, CDK4 and CDK6. In contrast, 

p14ARF is a polypeptide of 132 amino acids [169], which activates a p53 response by 

promoting degradation of MDM2 and induces cell cycle arrest in both G1 and G2/M [163, 167, 

168, 179]. Alterations in the CDKN2A locus which functionally impair both p14ARF and 

p16INK4a expression have the potential to impair both Rb and p53 pathways [169]. 

Furthermore, in many cancers, both p16INK4a and p14ARF have been reported to be 

inactivated [167, 169, 170, 179, 185]. 

 

Given the frequencies of CDKN2A mutations in our cohort—35% (11 out of 31) in the WGS 

cohort and 10% (7 out of 67) in the WES cohort—and considering that CDKN2A mutations 

can affect both p14ARF and p16INK4a, our initial analysis focused on evaluating the overall 

mRNA levels of p14ARF and p16INK4a (reflecting the combined expression levels of p14ARF 

and p16INK4a). This analysis was performed on nine matched tumour-normal pairs to gain 

insight into how CDKN2A mutations influence the overall expression from this gene locus, 

using reverse-transcription quantitative PCR (RT-qPCR). These pairs included tumour samples 

with CDKN2A mutations identified through WGS analysis (see Chapter 2). Primers for 

detecting the overall p14ARF-p16INK4a mRNA levels were designed in exon 3, targeting a 

common region (Figure 3.1), as previously described by Nakashima et al., [334]. Analysis of 

the RT‐qPCR data was conducted using the comparative threshold cycle (CT) method [335], 

to calculate the expression fold changes between samples.  
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Figure 3.1 Schematic representation of the genomic structure of the CDKN2A locus, 

p14ARF and p16INK4a transcripts and primer design. 

CDKN2A gene produces two proteins, p161NK4a and p14ARF. Although p14ARF and p16INK4a share 

exon 2 and exon 3, they differ in their first exons. p14ARF includes exon 1β, while p16INK4a includes exon 

1α. The long-dashed lines below the genomic structure indicate the transcribed parts of mature p14ARF 

mRNA, while the dotted lines above the genomic structure indicate the transcribed parts of mature p16INK4a 

mRNA. The asterisks (*) indicate stop codons. For p14ARF, the stop codon is in exon 2, whereas for 

p16INK4a, it is in exon 3. Arrows above each exon show the locations where primers are designed. For 

p16INK4a and p14ARF, two forward primers were designed; one forward primer from exon 1 for p14ARF 

amplification and the other forward primer designed from exon 1 for p16INK4a amplification with a 

common reverse primer in exon 2. Primers to examine overall p14ARF-p16INK4a mRNA levels were 

designed in exon 3, targeting a common region. Sequences for p16INK4a and p14ARF primers were 

described previously by Burri et al., [336], while exon 3 primers were previously described by Nakashima 

et al., [334]. Figure was modified from Fontana et al., [169]. FP- forward primer, RP- reverse primer, ATG 

- start codon (encode for the amino acid methionine). 

 

Analysis of the overall p14ARF-p16INK4a mRNA levels revealed variability between tumour 

samples and their corresponding normal tissues (Figure 3.2). Elevated mRNA levels were 

observed in 3 out of 9 tumour samples, including those with CDKN2A mutations: sample 

PD39449, which has a 40 bp frameshift insertion, and case PD50651 with a nonsense mutation. 

Notably, sample PD39452, despite lacking CDKN2A mutations, also exhibited elevated 

combined p14ARF-p16INK4a mRNA levels. This elevation in sample PD39452, could be 

attributed to various factors affecting gene expression, such as epigenetic modifications, 

transcription factors, copy number variations, and cellular signalling pathways [179, 189]. In 

contrast, 3 out of 9 tumour samples displayed significantly reduced overall p14ARF-p16INK4a 

mRNA levels compared to their adjacent normal tissues (Figure 3.2). All three of these samples 

did not have CDKN2A mutations. 

 

Unfortunately, further analysis couldn't be conducted on some samples found with CDKN2A 

mutations (listed in Chapter 2, Table 2.8) due to insufficient RNA samples. Therefore, mRNA 

levels in some samples with CDKN2A mutations, such as PD39451 and PD39455 with the 

[p.R58*] mutation, and sample PD39453 with the [p.D108N] mutation, could not be evaluated. 
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Figure 3.2 Overall p14ARF-p16INK4a mRNA levels in OSCC samples. 

The overall p14ARF-p16INK4a mRNA levels in matched OSCC tumour-normal pairs analysed by 

quantitative real-time PCR showed variable mRNA levels in tumours compared to adjacent normal tissues. 

(n=9). 200ng of total RNA extracted from matched OSCC tumour-normal pairs was used as template for 

cDNA synthesis as described in Materials and Methods in section 6.2.8.1. The primers pairs used to detect 

the overall p14ARF-p16INK4a mRNA levels are indicated in Materials and Methods in section 6.2.8.2, Table 

6.12. RT-qPCR primers were designed in exon 3 of CDKN2A gene which were described previously by 

Nakashima et al., [334]. GAPDH was used for normalization. Error bars show standard deviation. Each bar 

represents the mean ± standard deviation (SD) of 3 replicates. Statistical analysis to determine significance 

difference of gene expression in tumour versus normal sample was done using an unpaired t-test. ns p > 0.05, 

*p ≤ 0.05, **p ≤ 0.01, ***p ≤ 0.001. 

 

Considering the observed variability in overall p14ARF-p16INK4a mRNA levels in tumours 

compared to adjacent normal tissues, as well as the differences between CDKN2A-mutated 

tumour samples and CDKN2A wild-type tumour samples, it is noteworthy that mutations in 

CDKN2A exon 2 have the potential to affect the expression of both p16INK4a and p14ARF 

genes [170]. In the case of p16INK4a, truncating mutations in PD39449 and PD50651 samples 

were present within the key ankyrin repeat domains (ankyrin repeat 3 and ankyrin repeat 4) of 

the p16INK4a protein. Previous studies have indicated that mutations in these domains lead to 

the expression of truncated p16INK4a protein, lacking CDK binding activity [189]. On the 

other hand, tumour-associated mutations in exon 2 of p14ARF have been shown to functionally 

impair p14ARF activity by reducing its ability to stabilize p53 [337]. To further investigate the 

expression patterns of these genes in OSCC, our subsequent analysis focused on assessing the 
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individual mRNA levels of p14ARF and p16INK4a in a larger cohort of 79 matched tumour-

normal pairs, a separate set of samples, distinct from those analysed using WGS and WES, 

using RT-qPCR.  

 

For this analysis, primers were designed to specifically detect either p14ARF or p16INK4a 

mRNA levels, as previously described by Burri et al., [336]. A 210-bp fragment with a forward 

primer designed based on the sequence of exon 1α of the p16INK4a locus was used to detect 

p16INK4a transcript, while a 207-bp fragment with a forward primer designed in exon 1β of 

p14ARF was used detect p14ARF transcript. Both utilized a common reverse primer in exon 2 

(Figure 3.1). The RT-qPCR analysis was validated by melting curve analysis, confirming the 

specific amplification of p14ARF and p16INK4a transcripts (data not shown).  

 

Our qPCR analysis revealed variable levels of p16INK4a and p14ARF mRNA in tumours 

compared with corresponding adjacent normal tissues (Figure 3.3B and Figure 3.4B). p14ARF 

mRNA levels were significantly lower in 38 out of 79 (48%) tumours (Figure 3.3A), whereas 

p16INK4a mRNA levels were significantly lower in 48 out of 79 (61%) tumour tissue samples 

(Figure 3.4A). Furthermore, 26 out of 79 (33%) tumour samples had extremely low to 

undetectable mRNA levels for both p16INK4a and p14ARF when compared to adjacent normal 

controls (Figure 3.3A and Figure 3.4A). Notably, some tumours displayed significantly 

elevated p16INK4a and p14ARF mRNA levels. p14ARF mRNA levels were significantly 

elevated in 20 out of 79 (25%) tumours compared with corresponding normal adjacent tissues, 

while p16INK4a mRNA levels were significantly elevated in 13 out of 79 (16%) tumour 

samples when compared to their normal adjacent tissues (Figure 3.3A and Figure 3.4A). 
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Figure 3.3 Relative p14ARF mRNA levels in OSCC samples. 

p14ARF mRNA levels in matched OSCC tumour-normal pairs analysed by quantitative real-time PCR showed variable expression of p14ARF in OSCC tumour tissues as compared 

with their adjacent normal tissues. 200ng of total RNA extracted from matched OSCC tumour-normal pairs was used as template for cDNA synthesis as described in Materials and 

Methods in section 6.2.8.1. The p14ARF specific primers pairs used to detect p14ARF mRNA levels are indicated in Materials and Methods in section 6.2.8.2, Table 6.12. GAPDH was 

used for normalization. A) RT-qPCR analysis of p14ARF mRNA levels between tumour tissues and their adjacent normal tissues. (n=79). B) Scatter plots of p14ARF mRNA levels in 

cancer tissues and matched adjacent normal tissues from 79 cases of OSCC patients. Error bars show standard deviation. Each bar represents the mean ± standard deviation (SD) of 3 
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replicates. Statistical analysis to determine significance difference of gene expression in tumour versus normal sample was done using an unpaired t-test. ns p > 0.05, *p ≤ 0.05, **p ≤ 

0.01, ***p ≤ 0.001, ****p ≤ 0.0001. 

 

 
Figure 3.4 Relative p16INK4a mRNA levels in OSCC samples. 

p16INK4a mRNA levels in matched OSCC tumour-normal pairs analysed by quantitative real-time PCR showed variable expression of p16INK4a in OSCC tumour tissues as compared 

with their adjacent normal tissues. 200ng of total RNA extracted from matched OSCC tumour-normal pairs was used as template for cDNA synthesis as described in Materials and 

Methods in section 6.2.8.1. The p16INK4a specific primers pairs used to detect p16INK4a mRNA levels are indicated in Materials and Methods in section 6.2.8.2, Table 6.12. GAPDH 

was used for normalization. A) RT-qPCR analysis of p16INK4a mRNA levels between tumour tissues and their adjacent normal tissues. (n=79). B) Scatter plots of p16INK4a mRNA 

levels in cancer tissues and matched adjacent normal tissues from 79 cases of OSCC patients. Error bars show standard deviation. Each bar represents the mean ± standard deviation 
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(SD) of 3 replicates. Statistical analysis to determine significance difference of gene expression in tumour versus normal sample was done using an unpaired t-test. ns p > 0.05, *p ≤ 

0.05, **p ≤ 0.01, ***p ≤ 0.001, ****p ≤ 0.0001. 
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In summary, our analysis showed variable overall p14ARF-p16INK4a mRNA levels in OSCC 

tumour tissues as compared with their adjacent normal tissues. The combined p14ARF-

p16INK4a mRNA levels were significantly elevated in tumour samples, including two 

CDKN2A-mutated tumour samples, and significantly low in three samples containing wild-

type CDKN2A. Furthermore, individual p16INK4a and p14ARF showed variable mRNA levels 

in OSCC tumour tissues. Notably, p16INK4a and p14ARF mRNA levels were significantly 

lower in 61% and 48% of tumour samples, respectively, compared to their adjacent normal 

tissues. Additionally, our analysis identified significantly elevated levels of p16INK4a and 

p14ARF in 16% and 25% of tumours, respectively, compared to their normal adjacent tissues. 

This aligns with previous findings showing reduced or absent p16INK4a and/or p14ARF 

expression in OSCC samples, particularly in Asian populations.[174-176, 192]. De Almeida 

Simao and colleagues [192] reported variable expression of p14ARF and p16INK4a, with 

suppressed or lower p14ARF and p16INK4a mRNA levels in 58.8% and 64.7% of the OSCC 

samples analysed, respectively. Similarly, Xing et al., [175] observed lower expression of 

p16INK4a and p14ARF mRNAs in 12 of 18 (67%) Chinese OSCC samples, with 4 of the 18 

(22%) samples maintaining elevated mRNA levels for both these genes. The variable 

expression of p16INK4a and p14ARF in tumours compared to normal tissues may indicate 

inter-tumoral and intra-tumoral heterogeneity within OSCC [284], highlighting the complexity 

of OSCC within this patient population. Furthermore, the differential expression of p14ARF 

and p16INK4a in cancer can be influenced by various factors, including genetic alterations, 

epigenetic modifications, and interactions with other signalling pathways [170, 174, 175, 197, 

338]. The differential expression of p16INK4a and p14ARF observed in some OSCC patients 

may be attributable to truncating mutations and oncogenic missense mutations identified in 

CDKN2A. These mutations have the potential to influence the stability of mRNA for these 

genes. This altered expression pattern of p16INK4a and p14ARF appear to be a common 

occurrence in OSCC, suggesting that p16INK4a and p14ARF may serve as putative driver 

genes for OSCC. 

 

3.2.3 NFE2L2-KEAP pathway: NFE2L2 gene expression in OSCC patients 

The KEAP1-NFE2L2 pathway is crucial for controlling cellular stress by regulating the 

expression of genes responsible for antioxidant response and detoxification, thus restoring 

cellular homeostasis. Frequent mutations in the key regulators of the KEAP1-NFE2L2 pathway 

including NFE2L2, KEAP1, and CUL3, have been identified in various cancers, including 

OSCC [128, 131, 132, 136, 139]. In our cohort, the KEAP1-NFE2L2 pathway was deregulated 



 
 

104 

with mutations in NFE2L2. NFE2L2, also known as NRF2, serve as a transcriptional activator 

that regulates the expression of target genes such as NAD(P)H quinine oxidoreductase-1 

(NQO1) and peroxiredoxins (PRDX) in response to oxidative stress [214, 216]. Normally, low 

levels of NFE2L2 are maintained through proteasomal degradation through the KEAP1/CUL-

dependent proteasomal pathway under non-stressed conditions [216]. Activation of NFE2L2 

enhances cellular tolerance to oxidative stress, providing growth advantages to cells [339]. In 

our cohort, the majority of NFE2L2 variants occurred in exon 2, resulting in amino acid 

changes within the DLG or ETGE motifs. Mutations in these motifs have been shown to disrupt 

binding to the KEAP1 dimer, inhibiting KEAP1-mediated degradation of NFE2L2 [216]. 

Studies have demonstrated that certain NFE2L2 mutants, such as p.R34Q, promote tumour 

growth in OSCC, and NFE2L2 mutations are significantly associated with poor prognosis in 

OSCC [136].  

 

Previous studies have shown the oncogenic potential of NFE2L2 mutations that disrupt the 

KEAP1-binding site in various squamous cell carcinomas, including OSCC, particularly in 

regions such as Japan and China [136, 216, 221]. However, there is a lack of information 

regarding NFE2L2 alterations and gene expression patterns associated with OSCC in South 

Africa. To address this gap, we investigated the NFE2L2 mRNA levels in a sample of nine 

OSCC samples, which included tumour samples identified with NFE2L2 mutations by WGS. 

In addition, we analysed the mRNA levels of NFE2L2 in a larger sample size of 79 matched 

tumour-normal pairs, distinct from those analysed using WGS and WES. 
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Figure 3.5 Relative NFE2L2 mRNA levels in OSCC samples. 

NFE2L2 mRNA levels in matched OSCC tumour-normal pairs analysed by quantitative real-time PCR 

showed lower NFE2L2 mRNA levels in tumours compared to adjacent normal tissues. (n=9). 200ng of total 

RNA extracted from matched OSCC tumour-normal pairs was used as template for cDNA synthesis as 

described in Materials and Methods in section 6.2.8.1. The NFE2L2 specific primers pairs used to detect 

NFE2L2 mRNA levels are indicated in Materials and Methods in section 6.2.8.2, Table 6.12. GAPDH was 

used for normalization. Error bars show standard deviation. Each bar represents the mean ± standard 

deviation (SD) of 3 replicates. Statistical analysis to determine significance difference of gene expression in 

tumour versus normal sample was done using an unpaired t-test. ns p > 0.05, *p ≤ 0.05, **p ≤ 0.01, ***p ≤ 

0.001. 

 

Among the nine tumour samples, eight tumour samples had significantly lower NFE2L2 

mRNA levels compared to their corresponding normal adjacent tissues (Figure 3.5). This 

includes case PD39449 with c.101G>A mutation [p.R34Q] and PD50653 with c.229 G>C 

mutation [p.D77H].  

 

Having observed NFE2L2 expression pattern in OSCC tumours, including those with NFE2L2 

mutations, in the initial nine paired normal and tumour samples (included tumour samples 

identified with NFE2L2 mutations by WGS), we subsequentially examined NFE2L2 mRNA 

levels in a larger sample size of 79 matched tumour-normal pairs (distinct from those analysed 

using WGS and WES). This was done to gain a comprehensive understanding of NFE2L2 

expression patterns associated with OSCC in South African population. 
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Figure 3.6 Relative NFE2L2 mRNA levels in OSCC samples. 

NFE2L2 mRNA levels in matched OSCC tumour-normal pairs analysed by quantitative real-time PCR showed variable expression of NFE2L2 in OSCC tumour tissues as compared 

with their adjacent normal tissues. 200ng of total RNA extracted from matched OSCC tumour-normal pairs was used as template for cDNA synthesis as described in Materials and 

Methods in section 6.2.8.1. The NFE2L2 specific primers pairs used to detect NFE2L2 mRNA levels are indicated in Materials and Methods in section 6.2.8.2, Table 6.12 A) RT-qPCR 

analysis of NFE2L2 mRNA levels between tumour tissues and their adjacent normal tissues. (n=79). B) Scatter plots of NFE2L2 mRNA levels in cancer tissues and matched adjacent 

normal tissues from 79 cases of OSCC patients. Error bars show standard deviation. Each bar represents the mean ± standard deviation (SD) of 3 replicates. Statistical analysis to 

determine significance difference of gene expression in tumour versus normal sample was done using an unpaired t-test. ns p > 0.05, *p ≤ 0.05, **p ≤ 0.01, ***p ≤ 0.001, ****p ≤ 

0.0001. 
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Our analysis showed variable expression of NFE2L2 in OSCC tumour tissues compared to their corresponding 

adjacent normal tissues, with a significant difference observed in NFE2L2 mRNA levels between tumour and 

normal samples (p < 0.01) (Figure 3.6B). NFE2L2 mRNA levels were significantly elevated in 44 out of 79 

(56%) tumours, while 26 of 79 (33%) tumours showed significantly lower NFE2L2 mRNA levels in OSCC 

tumour tissues when compared with their adjacent normal tissues (Figure 3.6A). In the nine samples analysed, 

including those with NFE2L2 mutations (PD39449 [p.R34Q] and PD50653 [p.D77H]), NFE2L2 mRNA levels 

were significantly lower compared to their adjacent normal tissues. This finding aligns with a recent study by 

Cui et al., [136], which also reported decreased expression of NFE2L2 in NFE2L2 mutant samples compared 

to wild-type samples. Additionally, their knockout studies of mutant NFE2L2 reduced cell proliferation in 

OSCC cell lines [136]. The contrast between the smaller panel of nine samples and the larger panel of 79 

samples highlights the potential impact of sample size on observed outcomes. While the smaller panel showed 

a clear reduction in NFE2L2 mRNA levels possibly linked to mutations, the larger panel revealed a broader 

range of expression levels, suggesting that NFE2L2 amplification could be influencing results in a subset of 

cases. Therefore, the low NFE2L2 expression observed in 33% of OSCC patients may be associated with 

missense mutations within the DLG/ETGE motifs of NFE2L2, whereas the elevated NFE2L2 expression in 

56% of patients may be attributed to NFE2L2 amplification [136, 221, 340]. 

 

In summary, the variable expression of NFE2L2 in OSCC suggests potential dysregulation of this gene in 

OSCC. Our analysis found significantly lower NFE2L2 mRNA levels in NFE2L2-mutated tumour samples 

compared to their adjacent normal tissues. Additionally, the majority (56%) of tumours exhibited significantly 

elevated NFE2L2 mRNA levels relative to normal tissues, indicating a possible association between increased 

NFE2L2 expression and OSCC development or progression in South African patients. In contrast, the role of 

decreased NFE2L2 expression in OSCC pathogenesis remains not well understood, despite 33% of tumours 

showing significantly lower NFE2L2 mRNA levels compared to adjacent normal tissues. 

 

3.2.4 The DNA damage repair pathways 

The DNA damage repair pathways are activated to repair damaged DNA and maintain genome integrity in 

response to different endogenous and exogenous stresses [341]. Defects in these pathways can lead to genomic 

instability, predisposing to tumorigenesis [330, 331]. Amplification and over expression of genes involved in 

DNA damage repair have been linked to poorer overall survival in OSCC patients [331]. In our cohort, we 

found frequent mutations in several DNA repair genes including topoisomerase (DNA) II binding protein 1 

(TOPBP1), excision repair cross-complementing group 6 (ERCC6) and chromosome 20 open reading frame 

196 (C20orf196) (see Chapter 2). Additionally, we found mutation signatures associated with defects in DNA 

repair including mutation signatures SBS10b, SBS6 and SBS15. Given these findings, we investigated the 

mRNA levels of TOPBP1, ERCC6 and C20orf196 in OSCC. 
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3.2.4.1 TOPBP1 expression 

Initially, we examined the TOPBP1 mRNA levels in nine matched tumour/normal OSCC samples from 

patients with identified TOPBP1 mutations by WGS. The results showed elevated TOPBP1 mRNA levels in 

tumours compared with their corresponding normal adjacent tissue (Figure 3.7), where 8 out of 9 tumour 

samples had significantly higher TOPBP1 mRNA levels. This includes sample PD39449, which had the 

c.1429T>A mutation [p.F477I] (Figure 3.7). 

 

 
Figure 3.7 Relative TOPBP1 mRNA levels in OSCC samples. 

TOPBP1mRNA levels in matched OSCC tumour-normal pairs analysed by quantitative real-time PCR showed elevated 

TOPBP1 mRNA levels in tumours compared to adjacent normal tissues. (n=9). 200ng of total RNA extracted from matched 

OSCC tumour-normal pairs was used as template for cDNA synthesis as described in Materials and Methods in section 

6.2.8.1. The TOPBP1 specific primers pairs used to detect TOPBP1 mRNA levels are indicated in Materials and Methods in 

section 6.2.8.2, Table 6.12. GAPDH was used for normalization. Error bars show standard deviation. Each bar represents the 

mean ± standard deviation (SD) of 3 replicates. Statistical analysis to determine significance difference of gene expression in 

tumour versus normal sample was done using an unpaired t-test. ns p > 0.05, *p ≤ 0.05, **p ≤ 0.01, ***p ≤ 0.001. 

 

To assess whether the observed elevated TOPBP1 mRNA levels is a consistent trend in OSCC, as previously 

reported in OSCC [342, 343], we expanded our investigation of TOPBP1 mRNA levels in a larger sample 

size of 79 matched tumour-normal pairs (distinct from those analysed using WGS and WES). Our findings 

demonstrated that TOPBP1 mRNA levels were significantly higher in tumours compared to adjacent normal 

tissues (p < 0.0001) (Figure 3.8B). Moreover, TOPBP1 mRNA levels were significantly elevated in 61 out of 

79 (77%) tumours, whereas only four samples (5%) showed significantly reduced TOPBP1 mRNA levels in 

tumour samples compared to normal adjacent tissue (Figure 3.8A).  
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Figure 3.8 Relative TOPBP1 mRNA levels in OSCC samples. 

TOPBP1 mRNA levels in matched OSCC tumour-normal pairs analysed by quantitative real-time PCR showed higher TOPBP1 mRNA levels in OSCC tumour tissues as compared 

with their adjacent normal tissues. 200ng of total RNA extracted from matched OSCC tumour-normal pairs was used as template for cDNA synthesis as described in Materials and 

Methods in section 6.2.8.1. The TOPBP1 specific primers pairs used to detect TOPBP1 mRNA levels are indicated in Materials and Methods in section 6.2.8.2, Table 6.12. A) RT-

qPCR analysis of TOPBP1 mRNA levels between tumour tissues and their adjacent normal tissues. (n=79). B) Scatter plots of TOPBP1 mRNA levels in cancer tissues and matched 

adjacent normal tissues from 79 cases of OSCC patients. Error bars show standard deviation. Each bar represents the mean ± standard deviation (SD) of 3 replicates. Statistical analysis 

to determine significance difference of gene expression in tumour versus normal sample was done using an unpaired t-test. ns p > 0.05, *p ≤ 0.05, **p ≤ 0.01, ***p ≤ 0.001, ****p ≤ 

0.0001. 
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Previous studies have highlighted the crucial role of TOPBP1 in initiating DNA replication and activating 

DNA damage checkpoint signalling as a scaffolding protein [344]. In our study, we observed TOPBP1 

elevated in tumour samples, a feature that has previously been associated with poor survival and suggestive 

of its potential oncogene role in promoting OSCC progression [343]. Our finding implies that TOPBP1 

upregulation may play a significant role in the development of OSCC. 

 

3.2.4.2 ERCC6 expression  

Excision repair cross-complementing group 6 (ERCC6) also known as Cockayne syndrome group B (CSB), 

plays a role in transcription and nucleotide excision repair (NER), particularly in removing bulky adducts and 

repairing DNA damage induced by UV irradiation [345].  

 

In our analysis, we examined ERCC6 mRNA levels in nine OSCC samples, which included tumour samples 

with identified ERCC6 mutations by WGS. Interestingly, we observed lower ERCC6 mRNA levels in 6 out 

of 9 tumours compared to their normal adjacent tissue. This includes two tumour samples with ERCC6 

mutations: PD39448 and PD39460 with [p.S1085C] and [p.E130*] mutations, respectively (Figure 3.9). 

 

However, when we examined ERCC6 mRNA levels in a larger sample size of 79 matched tumour-normal 

pairs (distinct from those analysed using WGS and WES), ERCC6 mRNA levels were significantly elevated 

in 48 of 79 (61%) tumours, while 6 of 79 (8%) tumours exhibited significantly lower ERCC6 mRNA levels 

in OSCC tumour tissues compared with their adjacent normal tissues (Figure 3.10). 
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Figure 3.9 Relative ERCC6 mRNA levels in OSCC samples. 

ERCC6 mRNA levels in matched OSCC tumour-normal pairs analysed by quantitative real-time PCR showed lower ERCC6 

mRNA levels in six tumours compared to adjacent normal tissues and significantly higher in five tumours compared to 

adjacent normal tissues. (n=9). 200ng of total RNA extracted from matched OSCC tumour-normal pairs was used as template 

for cDNA synthesis as described in Materials and Methods in section 6.2.8.1. The ERCC6 specific primers pairs used to detect 

ERCC6 mRNA levels are indicated in Materials and Methods in section 6.2.8.2, Table 6.12. GAPDH was used for 

normalization. Error bars show standard deviation. Each bar represents the mean ± standard deviation (SD) of 3 replicates. 

Statistical analysis to determine significance difference of gene expression in tumour versus normal sample was done using 

an unpaired t-test. ns p > 0.05, *p ≤ 0.05, **p ≤ 0.01, ***p ≤ 0.001. 

 

Despite ERCC6 showing significant high mRNA levels in the majority of tumour samples compared to 

adjacent normal tissues in our larger cohort, two of OSCC samples with mutations in ERCC6 showed 

significantly lower ERCC6 mRNA levels compared to adjacent normal tissues. Previous studies have reported 

mutations in ERCC6 in OSCC, with more amplification events than deletions in genes associated with non-

homologous end joining (NHEJ), including ERCC6 [331]. Given the relatively low frequency of ERCC6 

mutations in our cohort (6% in WGS cohort and none in WES cohort), the low mRNA levels of ERCC6 

observed in 8% of OSCC patients may be attributed to these mutations. In contrast, we speculate that the 

elevated mRNA levels of ERCC6 observed in 61% of OSCC patients may potentially be attributed to ERCC6 

amplification. 
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Figure 3.10 Relative ERCC6 mRNA levels in OSCC samples. 

ERCC6 mRNA levels in matched OSCC tumour-normal pairs analysed by quantitative real-time PCR showed elevated ERCC6 mRNA levels in OSCC tumour tissues 

as compared with their adjacent normal tissues. 200ng of total RNA extracted from matched OSCC tumour-normal pairs was used as template for cDNA synthesis as 

described in Materials and Methods in section 6.2.8.1. The ERCC6 specific primers pairs used to detect ERCC6 mRNA levels are indicated in Materials and Methods 

in section 6.2.8.2, Table 6.12. GAPDH was used for normalization. A) RT-qPCR analysis of ERCC6 mRNA levels between tumour tissues and their adjacent normal 

tissues. (n=79). B) Scatter plots of ERCC6 mRNA levels in cancer tissues and matched adjacent normal tissues from 79 cases of OSCC patients. Error bars show 

standard deviation. Each bar represents the mean ± standard deviation (SD) of 3 replicates. Statistical analysis to determine significance difference of gene expression 

in tumour versus normal sample was done using an unpaired t-test. ns p > 0.05, *p ≤ 0.05, **p ≤ 0.01, ***p ≤ 0.001, ****p ≤ 0.0001. 
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3.2.4.3 C20orf196 expression 

C20orf196, also known as SHLD1, forms a complex with FAM35A to promote NHEJ DNA 

repair [346, 347]. While previous studies have explored the role of C20orf196 in DNA damage 

repair, its involvement in cancer remained poorly understood, and none have investigated 

C20orf196 expression in OSCC samples.  

 

In our study, we examined the mRNA levels of C20orf196 in nine OSCC samples, including 

tumour samples with identified C20orf1961 mutations by WGS. Among these samples, 

C20orf196 mRNA levels were significantly elevated in two tumour samples, including sample 

PD39459 with the c.211T>A [p.S71T] mutation, and significantly low in two of the nine 

tumour samples (Figure 3.11).  

 

 
Figure 3.11 Relative C20orf196 mRNA levels in OSCC samples. 

C20orf196 mRNA levels in matched OSCC tumour-normal pairs analysed by quantitative real-time PCR 

showed elevated C20orf196 mRNA levels in tumours compared to adjacent normal tissues. (n=9). 200ng of 

total RNA extracted from matched OSCC tumour-normal pairs was used as template for cDNA synthesis as 

described in Materials and Methods in section 6.2.8.1. The C20orf196 specific primers pairs used to detect 

C20orf196 mRNA levels are indicated in Materials and Methods in section 6.2.8.2, Table 6.12. GAPDH was 

used for normalization. Error bars show standard deviation. Each bar represents the mean ± standard 

deviation (SD) of 3 replicates. Statistical analysis to determine significance difference of gene expression in 

tumour versus normal sample was done using an unpaired t-test. ns p > 0.05, *p ≤ 0.05, **p ≤ 0.01, ***p ≤ 

0.001. 
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When analysing C20orf196 mRNA levels in a larger sample size of 79 matched tumour-normal 

pairs, we observed variable mRNA levels in tumours compared to corresponding normal 

tissues (p < 0.01) (Figure 3.12B). C20orf196 mRNA levels were significantly elevated in 28 

out of 79 (35%) tumour samples and significantly decreased in 23 out of 79 (29%) tumour 

samples (p < 0.01) (Figure 3.12A). C20orf196 mRNA levels exhibit significant variability in 

OSCC tumours compared to normal tissues. This variability includes both significant 

elevations and reductions in mRNA levels, the relevance of these observations are unclear. 

 

The findings reported above yield several key conclusions regarding the role of DNA damage 

repair genes in OSCC. Firstly, the observed elevation in TOPBP1 and ERCC6 mRNA levels 

in OSCC suggests their potential involvement in OSCC development. Secondly, the 

differential expression of TOPBP1, and ERCC6, alongside the mutation frequencies detected 

in these genes, indicate the existence of multiple processes influencing gene expression in 

addition to the oncogenic missense mutations found in TOPBP1, C20orf196, and ERCC6. 

Lastly, these alterations in TOPBP1, C20orf196 and ERCC6 could contribute to malignant 

transformation and the growth of cancerous cells [171, 348, 349].  
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Figure 3.12 Relative C20orf196 mRNA levels in OSCC samples. 

C20orf196 mRNA levels in matched OSCC tumour-normal pairs analysed by quantitative real-time PCR showed variable C20orf196 expression in OSCC tumour tissues as compared 

with their adjacent normal tissues. 200ng of total RNA extracted from matched OSCC tumour-normal pairs was used as template for cDNA synthesis as described in Materials and 

Methods in section 6.2.8.1. The C20orf196 specific primers pairs used to detect C20orf196 mRNA levels are indicated in Materials and Methods in section 6.2.8.2, Table 6.12. GAPDH 

was used for normalization. A) RT-qPCR analysis of C20orf196 mRNA levels between tumour tissues and their adjacent normal tissues. (n=79). B) Scatter plots of C20orf196 mRNA 

levels in cancer tissues and matched adjacent normal tissues from 79 cases of OSCC patients. Error bars show standard deviation. Each bar represents the mean ± standard deviation 

(SD) of 3 replicates. Statistical analysis to determine significance difference of gene expression in tumour versus normal sample was done using an unpaired t-test. ns p > 0.05, *p ≤ 

0.05, **p ≤ 0.01, ***p ≤ 0.001, ****p ≤ 0.0001. 
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3.2.5 Correlation of gene expression with clinicopathological data 

Having observed significantly differential gene expression between OSCC tumour and normal 

adjacent tissue, we next investigated whether gene expression patterns could distinguish, and 

possibly give biological insight into, the clinical heterogeneity of the tumours among OSCC 

patients. We investigated whether there are any correlations between p14ARF, p16INK4a, 

NFE2L2, TOPBP1, ERCC6 and C20orf196 mRNA levels and clinical parameters reported in 

the study, including tumour differentiation and patient survival.  

 

We investigated whether there is an association between gene expression levels (low/high) and 

tumour differentiation. To explore this relationship, we employed Chi-square analysis. A 

contingency table was constructed to show the frequencies of low/high mRNA levels and 

tumour differentiation categories, from which chi-square values and corresponding p-values 

were derived. This analysis encompassed all tumours with known differentiation status and 

significant mRNA levels classified as either low or high. Tumours lacking known 

differentiation status were excluded from the study. Additionally, to investigate the impact of 

the expression of selected genes on the overall survival of OSCC patients, we performed the 

survival analysis using the Kaplan–Meier (KM) estimator [350], with the p-value determined 

using the Log-rank (mantel-cox) test [351]. The Log-rank test was used to determine whether 

the difference in survival times between two groups (patients with high or low mRNA levels) 

is statistically different or not [350], specifically focusing on patients reported to have died. A 

p-value ≤ 0.05 was considered significant. 

 

3.2.5.1 Correlation of p14ARF and p16INK4a mRNA levels with clinicopathological data 

Tumours with either low (n=30) or high (n=14) p14ARF mRNA levels were more frequently 

found to be moderately differentiated tumours compared to those that were poor or well 

differentiated. However, our Chi-square test analysis found no significant association between 

p14ARF mRNA levels and tumour differentiation (p = 0.1713) (Figure 3.13A).  

 

We acknowledge that the sample size for poorly and well-differentiated tumours in our cohort 

was quite small, with only 10 out of 79 and 6 out of 79, respectively). This limited 

representation of poorly and well-differentiated tumours may affect the reliability of our 

findings regarding the association between mRNA levels and tumour differentiation in OSCC 
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patients. Further studies with larger and diverse sample size are needed to validate and fully 

understand this relationship.  

 

Next, we evaluated the association between p14ARF mRNA levels and overall survival in 

patients with OSCC. There was no statistically significant correlation observed between 

p14ARF mRNA levels and overall survival. The median overall survival times for OSCC 

patients with either low or high p14ARF mRNA levels were quite similar (11.1 weeks or 6.7 

weeks, respectively), with no significant difference found (p = 0.1397) (Figure 3.13B).  

 

 
Figure 3.13 Association of p14ARF mRNA levels with tumour differentiation and survival 

of patients with OSCC. 

Comparison of p14ARF mRNA levels in patients with OSCC with different A) Tumour differentiation 

(Using the Chi-squared test (χ2 test). The distribution of cases across different tumour grades (poor, 

moderate, and well) was analysed. While no significant associations were found between p14ARF mRNA 

levels and tumour differentiation (p = 0.1713), it is noteworthy that a high number of tumours (n=30) with 

low p14ARF mRNA levels were moderately differentiated compared to tumours with high p14ARF mRNA 

levels or tumours that were poorly or well-differentiated. B) Overall survival rates (log-rank test). Overall 

survival rate was assessed using Kaplan-Meier curves for the correlation of overall survival and p14ARF 

mRNA levels, with expression classified as low and high mRNA levels. The log-rank test was employed to 

identify significant differences in survival rates. The analysis included only patients reported to have died. 

The data shows the time of survival (in weeks) among the patients. There was no significant difference was 

observed in overall survival among OSCC patients with low or high p14ARF mRNA levels. The median 

overall survival was found to be 11.1 weeks for patients with low mRNA levels and 6.7 weeks for those with 

high mRNA levels, with a p-value of 0.1397. 

 

The majority of tumours (n = 35) with low p16INK4a mRNA levels were more frequently 

found to be moderately differentiated tumours compared to those with high p16INK4a mRNA 

levels or tumours that were poorly or well-differentiated (Figure 3.14A). This trend is 

somewhat expected, given that a significant proportion of tumour samples in the cohort were 

moderately differentiated (54 out of 79) and most tumour samples expressed lower levels of 

p16INK4a mRNA (48 out of 79). The analysis did not reveal a significant association between 

p16INK4a mRNA levels and OSCC tumour differentiation (p = 0.3464) (Figure 3.14A).  



 
 

118 

 

Moreover, we investigated the relationship between p16INK4a mRNA levels and the overall 

survival in patients with OSCC. The median overall survival in OSCC patients with low or 

high p16INK4a mRNA levels was 7.6 weeks or 16.9 weeks, respectively (p = 0.7292) (Figure 

3.14B). These findings suggest that while tumours with low p16INK4a mRNA levels tend to 

exhibit moderate differentiation and potentially lower overall survival rates, the observed 

trends did not achieve statistical significance in this study. Further studies with a larger sample 

size are necessary to explore the prognostic implications of p16INK4a mRNA levels in OSCC 

patients more comprehensively. 

 

 
Figure 3.14 Association of p16INK4a mRNA levels with tumour differentiation and 

survival of patients with OSCC. 

Comparison of p16INK4a mRNA levels in patients with OSCC with different A) Tumour differentiation 

(Using the Chi-squared test (χ2 test). The distribution of cases across different tumour grades (poor, 

moderate, and well) was analysed. While no significant association was found between p16INK4a mRNA 

levels and tumour differentiation, p = 0.3464, a high number of tumours (n=35) with low p16INK4a mRNA 

levels were moderately differentiated compared to those with high p16INK4a mRNA levels or tumours that 

were poorly or well-differentiated. B) Overall survival rates (log-rank test). Overall survival rate was 

assessed using Kaplan-Meier curves for the correlation of overall survival and p16INK4a mRNA levels, 
with expression classified as low and high mRNA levels. The log-rank test was employed to identify 

significant differences in survival rates. The analysis included only patients reported to have died. The data 

shows the time of survival (in weeks) among the patients. Decreased p16INK4a mRNA levels in tumours 

displayed a trend of a reduced overall survival rate in patients with OSCC, although this trend did not reach 

statistical significance. The median overall survival was found to be 7.6 weeks for patients with low mRNA 

levels and 16.9 weeks for those with high mRNA levels, with a p-value of 0.7292. 

 

3.2.5.2 Correlation of NFE2L2 mRNA levels with clinicopathological data 

NFE2L2 mRNA levels were not associated with tumour differentiation status (p = 0.7416), or 

overall survival rate in patients (p = 0.7117) (Figure 3.15). The median overall survival was 

7.4 weeks for individuals with low NFE2L2 mRNA levels compared to 9.4 weeks for those 

with high NFE2L2 mRNA levels (Figure 3.15B).  
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Figure 3.15 Association of NFE2L2 mRNA levels with tumour differentiation and 

survival of patients with OSCC. 

Comparison of NFE2L2 mRNA levels in patients with OSCC with different A) Tumour differentiation 

(Using the Chi-squared test (χ2 test). The distribution of cases across different tumour grades (poor, 

moderate, and well) was analysed. There were no significant associations between NFE2L2 mRNA levels 

and tumour differentiation, p = 0.7416. B) Overall survival rates (log-rank test). Overall survival rate was 

assessed Kaplan-Meier curves for the correlation of overall survival and NFE2L2 mRNA levels, with 

expression classified as low and high mRNA levels. The log-rank test was employed to identify significant 

differences in survival rates. The analysis included only patients reported to have died. The data shows the 

time of survival (in weeks) among the patients. There was no significant difference regarding overall survival 

among OSCC patients with low or high NFE2L2 mRNA levels. The median overall survival was found to 

be 7.4 weeks for patients with low mRNA levels and 9.4 weeks for those with high mRNA levels, with a p-

value of 0.7117. 

 

3.2.5.3 Correlation of TOPBP1, ERCC6 and C20orf196 mRNA levels with 

clinicopathological data  

Subsequently, we explored the relationship between mRNA levels of DNA damage repair 

genes (TOPBP1, ERCC6 and C20orf196) and clinicopathological features i.e. tumour 

differentiation, patients’ survival status in patients with OSCC.  

 

Although a significant proportion of tumours (n=43) with high TOPBP1 mRNA levels were 

more frequently moderately differentiated compared to those with low TOPBP1 mRNA levels 

or tumours that were poorly or well-differentiated, the analysis found no statistically significant 

association between TOPBP1 expression and tumour differentiation status (p = 0.4768) (Figure 

3.16A). This observation is expected, given a significant number of tumours in the cohort were 

moderately differentiated (54 out of 79), whereas the sample sizes for poorly and well-

differentiated tumours were smaller, with only 10 out of 79 and 6 out of 79, respectively. 

Additionally, the majority of tumours exhibited higher levels of TOPBP1 mRNA expression 

(77%).  
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Furthermore, the analysis of TOPBP1 mRNA levels in relation to overall survival in OSCC 

patients did not reveal a statistically significant correlation. The median survival rates were 

14.6 weeks for individuals with low TOPBP1 mRNA levels versus 9.4 weeks for those with 

high TOPBP1 mRNA levels, with a p-value of 0.7576 (Figure 3.16B).  

 

 
Figure 3.16 Association of TOPBP1 mRNA levels with tumour differentiation and 

survival of patients with OSCC. 

Comparison of TOPBP1 mRNA levels in patients with OSCC with different A) Tumour differentiation 

(Using the Chi-squared test (χ2 test). The distribution of cases across different tumour grades (poor, 

moderate, and well) was analysed. There were no significant associations between TOPBP1 mRNA levels 

and tumour differentiation, p = 0.4768. B) Overall survival rates (log-rank test). Overall survival rate was 

assessed using Kaplan-Meier curves for the correlation of overall survival and TOPBP1 mRNA levels, with 

expression classified as low and high mRNA levels. The log-rank test was employed to identify significant 

differences in survival rates. The analysis included only patients reported to have died. The data shows the 

time of survival (in weeks) among the patients. TOPBP1mRNA levels was not significantly associated with 

overall survival rate in patients with OSCC. The median overall survival was found to be 14.6 weeks for 

patients with low mRNA levels and 9.4 weeks for those with high mRNA levels, with a p-value of 0.7576. 

 

ERCC6 mRNA levels did not show a significant association with tumour differentiation (p = 

0.2858) (Figure 3.17A). Furthermore, the analysis of ERCC6 mRNA levels in relation to 

overall survival in OSCC patients did not reveal a statistically significant correlation. The 

median survival duration times were 11.00 weeks for individuals with low mRNA levels and 

11.1 weeks for those with high mRNA levels, (p = 0.8259) (Figure 3.17B). 
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Figure 3.17 Association of ERCC6 mRNA levels with tumour differentiation and survival 

of patients. 

Comparison of ERCC6 mRNA levels in patients with OSCC with different A) Tumour differentiation (Using 

the Chi-squared test (χ2 test). The distribution of cases across different tumour grades (poor, moderate, and 

well) was analysed. There were no significant associations between ERCC6 mRNA levels and tumour 

differentiation, p = 0.2858. B) Overall survival rates (log-rank test). Overall survival rate was assessed using 

Kaplan-Meier curves for the correlation of overall survival and ERCC6 mRNA levels, with expression 

classified as low and high mRNA levels. The log-rank test was employed to identify significant differences 

in survival rates. The analysis included only patients reported to have died. The data shows the time of 

survival (in weeks) among the patients. ERCC6 mRNA levels was not significantly associated with overall 

survival rate in patients with OSCC. The median overall survival was found to be 11.0 weeks for patients 

with low mRNA levels and 11.1 weeks for those with high mRNA levels, with a p-value of 0.8259. 

 

Altered C20orf196 mRNA levels did not show a statistically significant association with 

tumour differentiation (p = 0.0560) (Figure 3.18A). Typically, a p-value of 0.05 or less is 

considered statistically significant. Given that our p-value of 0.0560 is greater than 0.05, our 

results suggest that altered C20orf196 mRNA levels may not strongly correlate with tumour 

differentiation.  

 

Additionally, there was no significant difference observed in overall survival between cases 

with low or high C20orf196 mRNA levels. The median overall survival for OSCC patients 

with low C20orf196 mRNA levels was 17.3 weeks, while for those with high C20orf196 

mRNA levels it was 9.4 weeks (p = 0.9725) (Figure 3.18B). 
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Figure 3.18 Association of C20orf196 mRNA levels with tumour differentiation and 

survival of patients with OSCC. 

Comparison of C20orf196 mRNA levels in patients with OSCC with different A) Tumour differentiation 

(Using the Chi-squared test (χ2 test). The distribution of cases across different tumour grades (poor, 

moderate, and well) was analysed. Altered C20orf196 expression was not associated with tumour 

differentiation, p = 0.0560. B) Overall survival rates (log-rank test). Overall survival rate was assessed using 

Kaplan-Meier curves for the correlation of overall survival and C20orf196 mRNA levels, with expression 

classified as low and high mRNA levels. The log-rank test was employed to identify significant differences 

in survival rates. The analysis included only patients reported to have died. The data shows the time of 

survival (in weeks) among the patients. There was no significant difference between overall survival 

C20orf196 mRNA levels in OSCC patients, the median overall survival was found to be 17.3 weeks for 

patients with low mRNA levels and 9.4 weeks for those with high mRNA levels, with a p-value of 0.2705. 

 

The findings suggest that while there are trends in mRNA expression levels of p14ARF, 

p16INK4a, TOPBP1, ERCC6, and C20orf196 in relation to tumour differentiation and survival, 

these genes may not independently serve as biomarkers for prognostication in OSCC. 

Furthermore, the limited representation of poorly and well-differentiated tumours in the cohort 

might have affected the ability to detect significant associations between mRNA levels and 

tumour differentiation. While the analysis provides valuable insights into gene expression 

patterns in OSCC, further studies should aim to expand sample sizes and possibly incorporate 

other biomarkers or clinical parameters to better understand the clinical implications and 

potential of p14ARF, p16INK4a, TOPBP1, ERCC6, and C20orf196 as potential biomarkers in 

this context. 
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3.3 Discussion 

Despite previous extensive research aimed at characterising of oesophageal cancer, much of 

the intricate underlying biology of OSCC remains poorly understood, especially in African 

OSCC patients. One of the major aims of this study was to identify genes potentially involved 

in the development of OSCC, which could be used to track disease progression or as therapeutic 

targets. Considering the mutated genes, driver genes, and affected signalling pathways 

identified in our cohort (chapter 2), this chapter examined mRNA levels of selected genes 

involved in cell cycle, NFE2L2-KEAP pathway and DNA damage repair pathway. Initially, 

mRNA levels were assessed in nine OSCC samples identified with CDKN2A, NFE2L2, 

TOPBP1, ERCC6 and C20orf196 mutations by WGS and WES. Subsequently, mRNA levels 

patterns were investigated in a larger cohort of 79 matched tumour-normal pairs by RT-qPCR. 

The smaller sample set was used to examine any expression trends in mutated tumour samples, 

followed by validation in a larger cohort. Notable expression trends were observed in tumour 

samples compared to adjacent normal tissues within our larger cohort. The differential 

expression observed in our cohort, alongside the mutation frequencies detected in these genes, 

suggests the presence of multiple regulatory processes influencing gene expression, operating 

alongside the identified truncating mutations and oncogenic missense mutations in our genes 

of interest. Additionally, an association between mRNA levels, tumour differentiation and 

overall survival rate in OSCC patients was investigated, to identify expression patterns as 

potential molecular markers of OSCC risk and, or prognosis prediction. Six genes: p14ARF, 

p16INK4a, NFE2L2, TOPBP1, ERCC6 and C20orf196 were investigated for gene expression 

patterns in OSCC. Our analysis revealed significant differential gene expression at mRNA level 

in OSCC. However, our analysis of overall survival showed no correlation between gene 

mRNA levels and survival rates. 

 

Gene expression analysis in this study was conducted solely at the mRNA level, without 

parallel analysis at the protein level. While mRNA levels provide valuable insights into gene 

transcriptional activity and potential dysregulation [352-354], protein expression levels are also 

crucial for validating these findings and providing a direct link to functional activity within 

cells. The correlation between mRNA levels and the corresponding protein levels is an 

important consideration and has been extensively discussed in literature [354-359]. Emerging 

evidence suggests that while mRNA expression patterns are very useful, they are often 

insufficient for fully describing biological systems quantitatively [354]. This discrepancy is 

commonly attributed to additional levels of regulation between transcripts and their 
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corresponding protein products [352, 355, 357, 360]. These includes posttranscriptional 

mechanisms that control protein translation rates [361, 362], the half-lives of specific proteins 

or mRNAs [363, 364], delays in protein synthesis, and protein transport [355, 365]. 

Nonetheless, several studies have reported significant correlations between the mRNA and 

protein levels across different genes, tissues and cell lines [352, 355, 356, 358, 359]. 

Furthermore, genes with differentially expressed mRNA often exhibit higher correlations 

between mRNA and protein levels [356]. 

 

The CDKN2A genetic locus at human chromosome band 9p21 encodes two partially 

overlapping transcripts; p14ARF and p16INK4a, through alternative exon, with both being 

involved in the regulation of G1 to S phase progression [164-166, 169, 170, 196]. Given the 

prevalence of somatic mutations in CDKN2A gene in our cohort (chapter 2), we hypothesized 

that the alterations in CDKN2A alter p14ARF and p16INK4a mRNA levels in OSCC, 

potentially driving cellular transformation in the oesophageal epithelium. Our analysis revealed 

variable levels of p16INK4a and p14ARF mRNA in tumours compared to adjacent normal 

tissue. p16INK4a and p14ARF levels were significantly lower in 61% and 48% of tumour 

samples, respectively. Moreover, 33% of tumour samples exhibited extremely low to 

undetectable levels of both transcripts compared to adjacent normal controls. The differential 

expression of p14ARF and p16INK4a in cancer can be influenced by various factors, including 

genetic alterations, epigenetic modifications, and interactions with other signalling pathways 

[170, 174, 175, 197, 338]. In addition, the variable expression of p16INK4a and p14ARF 

observed in some OSCC patients may be attributable to truncating mutations and oncogenic 

missense mutations identified in CDKN2A. These mutations have the potential to influence the 

stability of mRNA for these genes.  

 

Differential expression pattern of p16INK4a and p14ARF appear to be a common occurrence 

in OSCC, suggesting that p16INK4a and p14ARF may serve as putative driver genes for OSCC. 

This aligns with previous findings showing reduced or absent p16INK4a and/or p14ARF 

expression in OSCC samples, particularly in Asian populations.[174-176, 192]. De Almeida 

Simao and colleagues [192] reported variable expression of p14ARF and p16INK4a, with lower 

p14ARF and p16INK4a mRNA levels in 58.8% and 64.7% of the OSCC samples analysed, 

respectively. Similarly, Xing et al., [175] observed lower p16INK4a and p14ARF mRNAs in 

12 of 18 (67%) Chinese OSCC samples, with 4 of the 18 (22%) samples maintaining elevated 

mRNA levels for both these genes. In terms of protein expression, 36 of 53 (67.9%) samples 
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from a study in Germany did not express or showed decreased expression of p16INK4a, as 

determined by immunohistochemistry [192]. Similarly, in French study, 15 out of 33 (46%) 

showed reduced expression of p16INK4a protein [193]. In Japanese samples, the proportion 

was notably higher, with 38 out of 42 (90.5%) lacking or exhibiting decreased levels of 

p16INK4a protein [194]. This consistent pattern across different populations underscores the 

potential significance of p14ARF and p16INK4a dysregulation in OSCC. Low expression of 

p14ARF and p16INK4a disrupts the regulation of cell cycle, increase susceptibility to 

oncogenic stimuli, thereby promoting tumour progression and influencing therapeutic 

responses in various cancer types [168, 170, 186, 195-199]. In addition, low or absence of 

p16INK4A protein adversely affects the initial treatment response of other cancer such as oral 

carcinoma [192]. Overall, our results suggest that p16INK4a and p14ARF transcript expression 

is decreased in OSCC by over 60 - 50%, respectively, similar to reports by others. Furthermore, 

reduced or absent p14ARF p16INK4a expression has been associated with more aggressive 

tumour behaviour and poorer prognosis in various cancers including OSCC [170, 184, 198, 

199, 366-368]. Subsequently, we evaluated whether expression of p16INK4a and p14ARF were 

associated with tumour differentiation and the overall survival outcomes in OSCC patients, our 

findings revealed no statistically significance association between p14ARF and p16INK4a 

altered expression and tumour differentiation, nor overall survival rate in patients with OSCC.  

 

Furthermore, combined p16INK4a and p14ARF mRNA levels were significantly elevated in 

tumour samples, including two samples identified with CDKN2A mutations. Additionally, we 

observed significantly elevated p16INK4a and p14ARF in 16% and 25% of tumours, 

respectively, compared to their normal adjacent tissues. Although the overexpression of 

p16INK4a in these cases cannot be attributed by the truncating mutation found in our cohort, 

previous studies have shown that the expression of both p14ARF and p16INK4a tends to 

increase in highly proliferative cells such as those affected by oncogenic stimuli, provided the 

genes are intact [316, 317]. In addition, overexpression of p16INK4a has also been observed 

in human papillomavirus (HPV)-related cancers including cervical cancer [197, 369, 370]. In 

our study, elevated levels of p14ARF mRNA were more frequently observed than those for 

p16INK4a in tumours compared to corresponding adjacent normal tissue, suggesting the 

presence of abnormal growth stimuli in these tissues, possibly triggering an antiproliferation 

response in these cells [175]. While our study and previous literature [175, 192, 193] align on 

mRNA expression profiles of selected genes, we acknowledge that mRNA levels may not 
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always correspond with protein activity. Therefore, further investigation into protein activity 

is crucial for understanding tumours dynamics and validating these findings. 

 

Similar analysis were done for NFE2L2, revealing varied expression patterns of NFE2L2 in 

OSCC tumour tissues compared to corresponding adjacent normal tissues. NFE2L2 mRNA 

levels were significantly elevated in 56% tumours and significantly lower in 33% tumours. 

These differences in NFE2L2 expression in OSCC could be attributed to different processes 

including genetic mutations or amplifications, thereby activating antioxidant response 

pathways in cancer cells, as previously reported [136, 221, 340, 371]. Several studies 

consistently found higher nuclear NFE2L2 protein expression in OSCC tumours, often 

accompanied by NFE2L2 amplification and mutations within the DLG/ETGE motifs [136, 221, 

340]. Jiang and colleagues [340] reported high expression of nuclear NFE2L2 protein 

associated with NFE2L2 alterations, which have been consistently associated with poor 

prognosis in patients with OSCC [273, 340]. Wang et al., [371] reported fluctuating expression 

levels of nuclear NFE2L2 protein among patients were, indicating interindividual 

heterogeneity of tumours [371]. In contrast, Cui et al., [136] reported lower NFE2L2 expression 

in mutant NFE2L2 samples compared to wild-type samples. Similarly, in our previous chapters 

(Chapter 2) we reported frequent NFE2L2 alterations clustered in either the DLG or ETGE 

motifs of NFE2L2. Our analysis of NFE2L2 mRNA levels in nine tumour samples, including 

NFE2L2-mutated tumour samples (PD39449 [p.R34Q] and PD50653 [p.D77H]) releveled 

significantly lower NFE2L2 mRNA levels compared to their normal adjacent tissues. This 

discrepancy with the larger sample set, which showed elevated NFE2L2 mRNA levels in 56% 

of tumours, may reflect sampling error due to the smaller sample size. Previous studies have 

indicated that elevated levels of NFE2L2 in OSCC has been correlated with poorer prognosis 

[221, 340, 371]. However, in our analysis, NFE2L2 mRNA levels were not significantly 

associated with overall survival rate in patients with OSCC. 

 

The mRNA levels and prognostic value of DNA repair genes: TOPBP1, ERCC6 and 

C20orf196 in OSCC was analysed, our analysis of TOPBP1 mRNA levels in OSCC tumours 

revealed overexpression, including in a tumour with a TOPBP1 mutation (PD39449 [p.F477I]), 

consistent with previous research in OSCC [342, 343]. Overexpression of TOPBP1 has been 

shown to induce transformation with a TP53 mutation in non-tumorigenic breast epithelial cells 

[372]. Furthermore, immunohistochemical analyses conducted on biopsy samples from breast 

cancer patients revealed an upregulation of TOPBP1 in breast cancer tissues. This 
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overexpression of TOPBP1 was correlated with higher-stage tumours and diminished survival 

rates among patients [373-375]. Further reports suggest TOPBP1 overexpression is associated 

with poor survival in patients with OSCC and may function as oncogene to promote the 

progression of OSCC [343]. Similarly, the DNA damage response pathways gene, ERCC6 

showed significant high mRNA levels in OSCC compare to adjacent normal tissues. However, 

tumour samples with ERCC6 (PD39448 and PD39460 with [p.S1085C] and [p.E130*] 

mutations, respectively), showed decreased ERCC6 mRNA levels when compared to normal 

adjacent tissue. Previous studies have reported mutations in ERCC6 in OSCC, with more 

amplification events than deletions in NHEJ associated genes including ERCC6 [331], 

potentially explaining the ERCC6 expression patterns observed. Despites associations of 

ERCC6 variants with increased risk of other cancers such as bladder cancer [376] and breast 

cancer [377], our results did not show statistically significant association between ERCC6 

expression and tumour differentiation or overall survival in OSCC patients. We also observed 

variable C20orf196 expression in tumours, with 35% tumour samples had significantly 

elevated mRNA levels, including mutated tumour sample (PD39459 with the [p.S71T] 

mutation), and 29% tumour samples showing significantly low expression compared with 

corresponding normal tissues. Previous studies suggest depletion of C20orf196 protein impairs 

both NHEJ and class switch recombination (CSR) DNA repair mechanisms, while promoting 

homologous recombination [378]. Furthermore, altered C20orf196 expression patterns did not 

significantly correlate with tumour differentiation or overall survival in patients with OSCC. 

Considering the mutation frequencies in DNA repair genes (TOPBP1, C20orf196 and ERCC6) 

in our cohort and the significant altered expression in these genes, we suspect that there are 

multiple mechanisms likely to influence gene expression in these genes alongside identified 

missense. 

 

In summary our study reveals altered expression patterns of key regulators involved in cell 

cycle control (p14ARF and p16INK4a), the KEAP1-NFE2L2 pathway (NFE2L2), and DNA 

damage response pathways (TOPBP1, C20orf196, and ERCC6) in OSCC. There was no 

consistent pattern of p14ARF, p16INK4a or C20orf196 expression in tumour compared to the 

adjacent normal tissue. However, the observed elevation in TOPBP1 and ERCC6 mRNA levels 

in OSCC suggests their potential involvement in OSCC development. The observed differential 

expression of p16INK4a and p14ARF in OSCC patients could be a consequence of the 

truncating mutations and oncogenic missense mutations found CDKN2A in addition to other 

factors that might influence gene expression such as epigenetic modifications, transcription 
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factors and cellular signalling. NFE2L2 mutations might be associated with lower NFE2L2 

mRNA levels. However, we may need to assess the impact of the protein activity of the selected 

genes on the prognosis/survival of patients to better understand the role of these genes in 

OSCC. 
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Chapter 4  

Investigation of p14ARF and p16INK4a role in 

OSCC 
 

4.1 Introduction 

The search for new target genes for cancer therapy holds promise for advancing cancer 

treatment and improving patient outcomes. Ultimately the task is to identify genes that may 

play a role in OSCC and the identification of specific clinical biomarkers and therapeutic 

targets [137]. OSCC is a heterogeneous disease with unclear molecular classifications, poor 

clinical outcomes, no reliable prognostic biomarkers and limited targeted therapies in OSCC 

patients [19, 136]. Defects in molecular and genetic mechanisms associated with OSCC in 

African patients are not well defined due, in part, to a lack of epidemiological and genetic 

studies [19, 137]. Hence, there is a need to identify cancer driver genes and to better understand 

the molecular biology for African OSCC and identify prognostic biomarkers specific to OSCC 

in African patients. 

 

In chapter 2, we reported that CDKN2A (p14ARF and p16INK4a) mutations occurred in 35% 

and 10% (in WGS cohort and WES cohort, respectively) of the samples analysed in this study, 

suggesting that these two genes may be involved in the development of OSCC. Our pathway 

enrichment analysis (Chapter 2, sections 2.2.2.3 and 2.2.3.3) showed that cell-cycle regulating 

genes, including p14ARF and p16INK4a were involved in many of the significantly affected 

pathways in OSCC. In addition, our gene expression analysis (Chapter 3) using RT-qPCR in 

79 OSCC tumours and their adjacent normal tissues has shown fluctuating levels of p14ARF 

and p16INK4a mRNA in OSCC tumours compared to their normal adjacent tissues. 

Interestingly, p16INK4a mRNA levels were significantly reduced or even absent in over 60% 

of the OSCC tumours, while p14ARF mRNA levels were significantly lower in 48% tumours, 

suggesting a potential dysregulation or suppression of the p14ARF and p16INK4a genes in 

OSCC.  

 

Both p14ARF and p16INK4a play important roles in regulating cell growth and apoptosis 

through the p53 and RB pathways, respectively [166, 170]. p14ARF binds and promote the 

degradation of Mouse Double Minute-2 (MDM2) leading to stabilization and accumulation of 

p53, resulting in the expression of many apoptosis inducers and cell cycle inhibitory genes such 
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as p21 [167, 168]. On the other hand, p16INK4a is a member of the INK4 family of inhibitors 

of the cyclin-dependent kinase 4 (inhibitor of CDK4) [169, 333]. In response to specific signals, 

p16INK4a binds and inhibits the cyclin D-CDK4/CDK6 complex activity required for G1 to S 

cell cycle progression [379], thus inhibiting the phosphorylation of Rb by cyclin D-

CDK4/CDK6 complex. In this way, Rb is maintained in the hypo-phosphorylated state (its 

growth-suppressive state) [380, 381] (Figure 4.1).  

 

 
Figure 4.1 The role of p14ARF and p16INK4a in cells. 

Pathways regulated by p161NK4a and p14ARF. p14ARF protein stabilizes p53 by promoting the 

degradation of MDM2. p16INK4a protein binds to the cyclinD-cyclin dependent kinase 4/6 (cyclinD-

CDK4/6) complex and inhibits the phosphorylation of retinoblastoma protein, thus maintaining the Rb in its 

growth-suppressive mode and inhibits the activation of the transcription factor, E2F1, which induces cells 

to move from the G1 phase to S phase in the cell cycle. Figure was modified from Zhao et al., [189] and was 

created with BioRender.com. 

 

The role of p16INK4a has been more extensively explored than p14ARF and plays an important 

role in carcinogenesis, particularly in cervical cancer, familial melanoma, pancreatic cancer-

melanoma syndrome and head and neck squamous cell carcinoma [185-188]. In contrast, the 

role of p14ARF in human cancers is less well established [170]. The well-defined function of 

p14ARF is its interaction with and inhibition of MDM2, which target p53 for degradation thus 

potentiating p53 activity [163, 167]. In addition, p14ARF has a link between the two-tumour 

suppressor pathways; the Rb and the p53 pathways. It has been demonstrated that p14ARF 

triggers a p53-dependent checkpoint arrest when the Rb pathway is compromised. In particular, 

when inactivated, Rb causes the release of E2F transcription factors, which in turn induce 

increased p14ARF transcription (reviewed in [169]).  
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Previous studies have observed low expression levels of p16INK4a and/or p14ARF mRNA in 

OSCC [174, 175, 192]. De Almeida Simao and collaborators [192] reported absent or reduced 

p14ARF and p16INK4a mRNA levels in 58.8% and 64.7% of the OSCC samples analysed, 

respectively. In addition, Xing and others [175] have detected lower levels of p16INK4a and 

p14ARF mRNAs in 12 of 18 (67%) Chinese OSCC samples while 4 of the 18 (22%) samples 

maintained an elevated level of mRNA levels for both of these genes. Although these studies 

analysed the mRNA levels of p14ARF, p16INK4a in OSCC, there has been relatively few 

functional studies concerning the inactivation of p16INK4a and p14ARF genes in OSCC. In 

this study, we investigated the individual roles of p14ARF and p16INK4a in human 

oesophageal squamous cell carcinoma cells. Small interfering RNA (siRNA) targeting either 

p14ARF or p16INK4a were transfected into KYSE30 cells to knockdown the two mRNA 

transcripts and investigate the effects of the knockdown of p14ARF and p16INK4a on genes 

involved in cell cycle regulation, apoptosis, NFE2L2-KEAP pathway. Additionally, we 

conducted an in-silico analysis to investigate the impact of missense variants in p14ARF and 

p16INK4a on their respective protein structures.  

 

4.2 Results 

4.2.1 Screening for CDKN2A mutations in OSCC cell lines  

Oesophageal squamous cell carcinoma cell lines were used to investigate the effects of p14ARF 

and p16INK4a knockdown. The presence exon 2 CDKN2A gene mutations that were detected 

in the WGS and WES in OSCC patients (Chapter 2) were screened for in the KYSE30, 

KYSE150, KYSE180, KYSE450, WHCO1, WHCO5, WHCO6 and EPC2 cell lines. Mutations 

detected in exon 2 of the CDKN2A gene in OSCC patients were examined in these cell lines 

are shown in table 4.1.  
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Table 4.1 List of CDKN2A exon 2 mutations screened in the oesophageal cell lines based 

on WGS and WES data in OSCC patients. 

 

 

To screen for the mutations in exon 2 of the CDKN2A gene, a 410-bp PCR product (450-bp 

PCR product, if the 40-bp insertion is present) spanning intron 1–exon 2–intron 2 were 

amplified (amplifying the entire exome 2) by PCR using cell line genomic DNA (Figure 4.2A). 

PCR products were fractionated in 1% agarose gels and visualized by staining with Novel Juice 

(DNA staining reagent) to confirm successful amplification (Figure 4.2B). The 410-bp 

fragment of CDKN2A was successfully amplified in only EPC2, KYSE30, KYSE180, and 

WHCO5 cell lines, whereas fragments of CDKN2A were not amplified in KYSE150, 

KYSE450, WHCO1 and WHCO6, suggesting the loss of exon 2 (Figure 4.2B), these results 

were further explored and validated when we examined p14ARF and p16INK4a mRNA levels 

in the same cell lines (Section 4.2.2). As a control, all of the cell line DNAs successfully 

amplified other genes including NFE2L2, TOPBP1, ERCC6 and C20orf196 (data not shown), 

furthermore, the same CDKN2A primers were used to validate CDKN2A mutations and 

successfully amplified patients’ DNA (Chapter 2). Samples that were successfully amplified 

were then subjected to DNA sequencing to examine the presence of the exon 2 mutations.  
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Figure 4.2 Primer design and PCR amplification of CDKN2A exon 2 mutations. 

A) Sequence of the PCR amplified region encompassing CDKN2A exon 2 (red) flanked by CDKN2A intron 

1 and 2 (black). Two amplicon sizes were expected: a wild-type amplicon of 410 bp and a mutant amplicon 

of 450 bp (with the 40-bp insertion). The 40-bp insertion is highlighted in blue. The eight codons mutated 

by single base substitutions are highlighted in grey. The mutated base is in bold. (Mutations are displayed in 

p16INK4a protein). The specific primer pairs used for CDKN2A mutational analysis are indicated in 

Materials and Methods Table 6.4. The positions of the two primers used for PCR amplification are shown 

in bold. B) Agarose gel analysis of PCR products of the indicated cell lines. Genomic DNA was extracted 

from the eight cell lines used for analysis (seven OSCC cell lines (KYSE30, KYSE150, KYSE180, 

KYSE450, WHCO1, WHCO5 and WHCO6 and a human telomerase immortalized normal oesophageal cell 

line; EPC2) as described in Material and Methods section 6.2.3.3. 50ng of genomic DNA was used in the 

PCR mixture with 5% DMSO. PCR reaction was initially denatured at 94°C for 10 min. Amplification 

consisted of 1 min each at 94°C, 58°C and 72°C for 35 cycles. PCR products were separated on a 1% agarose 

gel for 55 minutes. Of the eight cell lines used for the analysis, only EPC2, KYSE30, KYSE180, and 

WHCO5 cell lines were successfully amplified. The successfully amplified PCR products were subjected to 

DNA sequencing to examine the presence of CDKN2A exon 2 mutations. 

 

Sequence analysis of the PCR products showed that the exon 2 mutations detected in patients 

were not present in EPC2, KYSE180 and WHCO5 cell lines, and no additional mutations were 

detected within the region of interest either (data not shown). In the KYSE30 cell line, we 

detected one (c.358G>T [p.E120*]) of the eleven CDKN2A exon 2 mutations, previously 

detected in our patients (Table 4.1). No additional mutations were detected in the region of 

interest (Figure 4.3). 
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Figure 4.3 Mutations of CDKN2A exon 2 analysis in cell lines using PCR-Sanger sequencing. 

Sanger sequencing chromatograms showing the mutated codons in exon 2 of CDKN2A gene (mutations are displayed in p16INK4a protein) previously observed in 

chapter 2. The position of nucleotide substitution is indicated by a black arrow. The codons mutated by single base substitutions are indicated with a bracket. (The red 

arrow indicates the 40-bp insertion position. Of the eleven mutation that were reported in (Table 4.1), we detected c.358G>T [p.E120*] mutation in the KYSE30 cell 

line, highlighted by a red box, changing glutamic acid into a stop codon at position 120 [p.E120*]. No additional mutations were detected in the region of interest. 

 

68 80 84 10858 110 120 130
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4.2.2 mRNA levels of p14ARF and p16INK4a in OSCC cell lines  

We subsequently assessed p14ARF and p16INK4a mRNA levels in seven OSCC cell lines (two containing 

wild-type exon 2 of CDKN2A (KYSE180 and WHCO5), based on sequencing analysis, four possibly lacking 

exon 2 of CDKN2A, as indicated by the absence of PCR products in Figure 4.2, based on PCR analysis 

(KYSE150, KYSE450, WHCO1 and WHCO6), and one containing a truncation mutation [p.E120*] 

(KYSE30)) and the control; non-tumorigenic EPC2 cell line (containing wild-type exon 2 of CDKN2A).  

 

The p14ARF and p16INK4a mRNA levels in the cell lines were assessed using RT-qPCR analysis with primers 

specifically designed to detect either p14ARF or p16INK4a (as described in Figure 3.2). RT-qPCR 

amplification generated a single product by melting curve analysis (data not shown). RT-qPCR products were 

fractionated in 1% agarose gels to confirm successful amplification of targeted regions of p14ARF and 

p16INK4a in the cell lines analysed (Figure 4.4A). 

 

The results showed differential expression patterns of p14ARF and p16INK4a (Figure 4.4). p16INK4a mRNA 

levels being significantly lower in all of the OSCC cell lines except KYSE30 cells when compared to the 

control cells (Figure 4.4B). In contrast, p14ARF mRNA levels were undetectable in five OSCC cell lines 

(KYSE150, KYSE180, KYSE450, WHCO1 and WHCO6), but was significantly higher in KYSE30 and 

WHCO5 cells (Figure 4.4B).  

 

Of note, the g.21971001C>A variant in CDKN2A, which results in the c.358G>T [p.E120*] mutation in 

p16INK4a and is present in KYSE30, occurs outside the p14ARF coding region. This variant may explain the 

observed differences in the p14ARF and p16INK4a mRNA levels in KYSE30 cells (Figure 4.4). These results 

also suggest that the truncating mutation [p.E120*] in KYSE30 had no significant effects on the p16INK4a 

mRNA levels. This mutation could be located beyond the mRNA stability or transcriptional regulation 

regions. Premature stop codons can lead to nonsense-mediated mRNA decay, which typically results in  

mRNA degradation [382]. However, if the mutation occurs in a region where nonsense-mediated mRNA 

decay does not occur, or if the mRNA remains stable enough to sustain detectable levels, this could explain 

why p16INK4a mRNA levels are not significantly affected in KYSE30 cells. 

 

No p14ARF mRNA levels and very low p16INK4a were detected in KYSE150, KYSE450, WHCO1 and 

WHCO6 cell lines, consistent with the absence of PCR products for these cell lines (Figure 4.2 and Figure 

4.4A). These results support the hypothesis that KYSE150, KYSE450, WHCO1 and WHCO6 cells possibly 

lack exon 2 of CDKN2A. In contrast, we observed a significant difference in p14ARF and p16INK4a mRNA 

levels in WHCO5 cell line - p14ARF mRNA levels were significantly higher in WHCO5 cells, as opposed to 

the significantly lower p16INK4a mRNA levels in WCHO5 cells (Figure 4.4B). Overall, these findings 
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indicate differential expression of p14ARF, and p16INK4a mRNA levels in cell lines studied. Given that 

p16INK4A and p14ARF are transcribed from distinct promoters, this may contribute to the observed 

differences in mRNA expression levels of these genes. Additionally, the complex interplay of factors such as 

genetic alterations, post-transcriptional regulation, epigenetic modifications, and interactions with signalling 

pathways likely influences the variability in mRNA levels among these cell lines [170, 174, 175, 197, 338]. 

 

 
Figure 4.4 Analysis of p14ARF and p16INK4a mRNA levels in OSCC cell lines. 

Analysis of p14ARF and p16INK4a mRNA levels in seven OSCC cell lines (KYSE30, KYSE150, KYSE180, KYSE450, 

WHCO1, WHCO5 and WHCO6) and an immortalized normal oesophageal squamous cell line (EPC2). A) A representative 

agarose gel electrophoresis shows the RT-qPCR analysis product, which was done to confirm whether our amplification is 

specific. B) The p14ARF and p16INK4a mRNA levels in seven OSCC cell lines showed lower p14ARF and p16INK4a mRNA 

levels in OSCC cell lines compared to the control cells. 1g of total RNA was used as template for cDNA synthesis as 

described in Materials and Methods. p14ARF and p16INK4a specific primers (Table 6.11) were used to detect p14ARF and 

p16INK4a mRNA levels. RT-qPCR primers were designed as described previously by Burri et al., [336], a 207-bp fragment 

with a forward primer in exon 1 for p14ARF amplification and a 210-bp fragment with a forward primer in exon 1 for 

p16INK4a amplification and a common reverse primer in exon 2. GAPDH was used for normalization. Error bars show 

standard deviation. Each bar represents the mean ± standard deviation (SD) of 3 replicates. Statistical analysis to determine 

significance difference of gene expression in OSCC cell lines and normal control was done using an unpaired t-test. ns p > 

0.05, *p ≤ 0.05, **p ≤ 0.01, ***p ≤ 0.001, ****p ≤ 0.0001.  

 

4.2.3 siRNA mediated p14ARF and p16INK4a knockdown 

Given the observed p14ARF and p16INK4a mRNA levels in KYSE30 (Figure 4.4), and the fact that the 

truncating mutation in p16INK4a [p.E120*] showed no significant effects on p16INK4a mRNA levels, while 

in p14ARF it occurred outside the p14ARF coding region, KYSE30 cells were used as a model to investigate 

the effects of siRNA mediated knockdown of p14ARF and p16INK4a in oesophageal squamous cell 

carcinoma.  

 

siRNA duplexes were designed based on the sequence of exon 1 of the p16INK4a locus, to target p16INK4a 

without affecting the partially overlapping p14ARF transcript encoded by exon 1 or designed in exon 1 of 
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p14ARF to target p14ARF transcripts without affecting p16INK4a expression [383]. p14ARF and p16INK4a 

siRNA duplexes were custom designed by us based on published data (Table 4.2) [195, 383]. The most 

effective siRNAs had symmetric two-nucleotide (UU or TT) 3´overhangs, which help to form RNA-induced 

silencing complexes (RISCs) with antisense and sense strands in equal ratio. The ideal target mRNA should 

contain an AA(N19)TT motif where N indicate the target sequence, and if no AA(N19)TT motif was found, 

NA(N19)TT or NA(N21) motifs could be used [384]. For our genes, no suitable matches could be found to 

the AA(N19)TT format, but we managed to find siRNA sequences corresponding to AA(N19) and NA(N19) 

for p16INK4a and p14ARF, respectively, with converted two nucleotides in 3’ends of the sense siRNA for 

p16INK4a, while for p14ARF, both sense and antisense siRNAs two nucleotides in 3’ends were converted to 

TT (Table 4.2).  

 

Table 4.2 p14ARF and p16INK4a siRNA sequences. 

 

 

To confirm the effectiveness of the siRNA duplexes in reducing expression of the respective genes, KYSE30 

cells were transiently transfected with 120 pmol of siRNA against either p14ARF or p16INK4a and the 

untreated cells were used as a negative control. Effects of the siRNAs on p14ARF or p16INK4a mRNA levels 

were detected by RT-qPCR analysis. To confirm that the knockdown of either gene did not affect the 

expression of the partially overlapping second product of the CDKN2A locus, we also examined p14ARF or 

p16INK4a mRNA levels in cells transfected with either p16INK4a-directed or p14ARF-directed siRNA, 

respectively.  

 

p14ARF and p16INK4a knockdown was validated at 24 and 48 hours post transfection. p14ARF mRNA levels 

were significantly reduced by 60% and 80% at 24 hours and 48 hours post transfection, respectively, and 

p16INK4a mRNA levels were significantly reduced by 60% both at 24 hours and 48 hours post transfection, 

compared to the untreated cells (Figure 4.5). Further, no significant effect was seen in p16INK4a expression 

following transfection of p14ARF-directed siRNA or in p14ARF expression following transfection of 

p16INK4a-directed siRNA (Figure 4.5). 
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Figure 4.5 siRNA mediated p14ARF and p16INK4a knockdown in KYSE30 cells. 

KYSE30 cells were transiently transfected with 120 pmol siRNA against either p14ARF or p16INK4a and the untreated cells 

were used as a negative control. Total RNA extracts were harvested from the cells 24 and 48 hours post transfection to confirm 

knockdown of p14ARF and p16INK4a. A) Cells transfected with p14ARF siRNA. B) Cells transfected with p16INK4a siRNA. 

1g of total RNA was used as template for cDNA synthesis as described in Materials and Methods. p14ARF and p16INK4a 

specific primers (Table 6.11) were used to detect p14ARF and p16INK4a mRNA levels. The siRNA significantly reduced 

p14ARF by 60% and 80% at 24 hours and 48 hours post transfection, respectively, and p16INK4a mRNA levels by 60% both 

at 24 hours and 48 hours post transfection compared to the untreated cells. The knockdown of either of the two genes did not 

significantly affect the mRNA levels of the other gene. GAPDH was used for normalization. Error bars show standard 

deviation. Each bar represents the mean ± standard deviation (SD) of 3 replicates. Statistical analysis to determine significance 

difference of gene expression in OSCC cell lines and normal control was done using an unpaired t-test. ns p > 0.05, *p ≤ 0.05, 

**p ≤ 0.01, ***p ≤ 0.001. Three biological repeats were done. 

 

Since the siRNA duplexes were proven to be effective tools for reducing p14ARF and p16INK4a mRNA 

levels, we next determined the biological implications of their inhibition on cell cycle regulators (especially 

genes involved in p14ARF/p53 and p16INK4a/Rb pathway), apoptotic and anti-apoptotic genes, NFE2L2-

KEAP pathway regulators; NFE2L2, cell cycle and colony formation. In all further siRNA transfections, total 

RNA extracts were collected 48 hours after transfection. 

 

4.2.3.1 The effects of p14ARF and p16INK4a knockdown on expression of cell cycle regulators 

We examined the effects of p14ARF and p16INK4a knockdown on the expression of cell cycle regulators 

involved in the p14ARF/p53 and p16INK4a/Rb pathways. 
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Figure 4.6 p14ARF and p16INK4a knockdown on p14ARF/p53 pathway regulators. 

The effects of p14ARF and p16INK4a knockdown on the expression of p14ARF/p53 pathway regulators genes. KYSE30 

cells were transiently transfected with 120 pmol siRNA against either p14ARF or p16INK4a and the untreated cells were used 

as a negative control. Total RNA extracts were harvested from the cells 48 hours post transfection to examine the effects of 

p14ARF and p16INK4a knockdown on p14ARF/p53 pathway regulators; MDM2, p53 and p21 by RT-qPCR analysis. 1g of 

total RNA was used as template for cDNA synthesis as described in Materials and Methods. Primers used for RT-qPCR are 

listed in materials and methods (Table 6.11). siRNA-mediated depletion of p14ARF and p16INK4a mRNA in KYSE30 cells 

upregulated MDM2 and p21 expression compared to the untreated cells. GAPDH was used for normalization. Error bars show 

standard deviation. Each bar represents the mean ± standard deviation (SD) of 3 replicates. Statistical analysis to determine 

significance difference of gene expression in OSCC cell lines and normal control was done using an unpaired t-test. ns p > 

0.05, *p ≤ 0.05, **p ≤ 0.01, ***p ≤ 0.001, ****p ≤ 0.0001.  

 

The siRNA-mediated depletion of p14ARF and p16INK4a mRNA at 48 hours post transfection observed in 

KYSE30 cells in Figure 4.5 had no significant effect on p53 mRNA levels (Figure 4.6). However, mRNA 

levels of MDM2 and p21 were significantly elevated (Figure 4.6). While for p16INK4a/Rb pathway regulators, 

the knockdown of both p14ARF and p16INK4a mRNA levels downregulated CCND1 mRNA levels, while 

Rb mRNA levels were significantly elevated in p16INK4a knockdown cells (Figure 4.7).  

 

These results suggest that upregulation of MDM2 may promote the rapid degradation of p53 and inhibit the 

ability of p53 to trans-activate target genes in KYSE30 cells. In contrast, upregulation of p21 and Rb, as well 

as downregulation of CCND1 may inhibit the activity of CDK-cyclin complexes, such as CDK4/6-CCND1. 

This inhibition prevents the phosphorylation of Rb protein, a key regulator of the G1 to S phase transition 

[168, 385]. 
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Figure 4.7 p14ARF and p16INK4a knockdown on p16INK4a/Rb pathway regulators. 

The effects of p14ARF and p16INK4a knockdown on the expression of p16INK4a/Rb pathway regulators genes. KYSE30 

cells were transiently transfected with 120 pmol of siRNA against either p14ARF or p16INK4a and the untreated cells were 

used as a negative control. Total RNA extracts were harvested from the cells 48 hours post transfection to examine the effects 

of p14ARF and p16INK4a knockdown on p14ARF/p53 pathway regulators; CCND1 and Rb1 by RT-qPCR analysis. 1g of 

total RNA was used as template for cDNA synthesis as described in Materials and Methods. Primers used for RT-qPCR are 

listed in materials and methods (Table 6.11). siRNA-mediated depletion of p14ARF and p16INK4a mRNA in KYSE30 cells 

downregulated CCND1 expression compared to the untreated cells, while p16INK4a knockdown upregulated Rb mRNA 

levels. GAPDH was used for normalization. Error bars show standard deviation. Each bar represents the mean ± standard 

deviation (SD) of 3 replicates. Statistical analysis to determine significance difference of gene expression in OSCC cell lines 

and normal control was done using an unpaired t-test. ns p > 0.05, *p ≤ 0.05, **p ≤ 0.01, ***p ≤ 0.001.  

 

4.2.3.2 The effects of p14ARF and p16INK4a knockdown on apoptotic and anti-apoptotic genes 

Hanahan and Weinberg specified that one hallmark of cancer cells is their ability evade apoptosis [171, 348, 

349]. In Chapter 2, we reported that p14ARF and p16INK4a play significant roles in “cellular responses to 

stimuli” pathways, particularly in response to oncogene and oxidative stress-induced senescence. Both 

p14ARF and p16INK4a trigger cell death or cell cycle arrest in response to oncogenic stress. Recent reports 

established that p14ARF induces cell death in a p53-independent manner (reviewed in [169]), as well as 

through the BAX protein independent of the p53 pathway [386, 387]. p14ARF expression induces of the pro-

apoptotic multidomain protein BAX/BAK, leading to cell death via a Caspase-3-dependent pathway [386, 

388]. However, the pro-apoptotic activity of BAX\BAK is primarily counteracted by the anti-apoptotic BCL2-

related proteins such as BCL-XL, MCL1 and BCL2 [387], which block stress-induced apoptosis by preventing 

the release of cytochrome c into the cytoplasm of cells and subsequently inhibiting the activation of the caspase 

cascade (reviewed in [389]). The induction of mitochondrial apoptosis by p14ARF is facilitated by down-

regulating the expression of anti-apoptotic proteins such MCL1 and BCL-XL [386]. Similarly, p16INK4a 

induces cell death by upregulating pro-apoptotic PUMA expression, activating Caspase-8 and repressing anti-

apoptotic proteins such as MCL1 and BCL2 in p53-deficient leukaemia cells [390]. Currently, no studies have 
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examined the effects silencing of p16INK4a and p14ARF expression on apoptotic and anti-apoptotic genes in 

oesophageal squamous cell carcinoma. Therefore, we evaluated whether the knockdown of p14ARF and 

p16INK4a in KYSE30 cells modifies the expression of intrinsic apoptosis pathway members including pro-

apoptotic genes (BAX, Caspase-3, and Caspase-9) and anti-apoptotic genes (BCL-XL and BCL2). 

Additionally, we also assessed the mRNA levels of Caspase-3 and Caspase-9, as the effects of p14ARF and 

p16INK4a knockdown on the expression of these genes were not previously known. 

 

The RT-qPCR analysis of apoptotic genes showed elevated Caspase-3 and Caspase-9 mRNA levels in 

p14ARF and p16INK4a knockdown cells. However, knocking down p14ARF and p16INK4a but did not alter 

BAX mRNA levels (Figure 4.8). 

 

 
Figure 4.8 p14ARF and p16INK4a knockdown on apoptotic genes. 

The effects of p14ARF and p16INK4a knockdown on the expression of apoptotic genes. KYSE30 cells were transiently 

transfected with 120 pmol of siRNA against either p14ARF or p16INK4a and the untreated cells were used as a negative 

control. Total RNA extracts were harvested from the cells 48 hours post transfection to examine the effects of p14ARF and 

p16INK4a knockdown on apoptotic genes; BAX, Caspase-3 and Caspase-9 by RT-qPCR analysis. 1g of total RNA was used 

as template for cDNA synthesis as described in Materials and Methods. Primers used for RT-qPCR are listed in materials and 

methods (Table 6.11). siRNA-mediated depletion of p14ARF and p16INK4a mRNA in KYSE30 cells upregulated Caspase-

3 and Caspase-9 mRNA levels compared to the untreated cells. GAPDH was used for normalization. Error bars show standard 

deviation. Each bar represents the mean ± standard deviation (SD) of 3 replicates. Statistical analysis to determine significance 

difference of gene expression in OSCC cell lines and normal control was done using an unpaired t-test. ns p > 0.05, *p ≤ 0.05, 

**p ≤ 0.01, ***p ≤ 0.001, ****p ≤ 0.0001.  

 

Previous studies have demonstrated that over-expression of p14ARF and p16INK4a downregulates the 

expression of anti-apoptotic genes such as MCL1, BCL-XL and BCL2 in p53 protein-deficient cells, 

facilitating mitochondrial apoptosis induced by p14ARF or p16INK4a via BAK/BAX proteins in various 

cancer cell types [386, 388, 390]. Therefore, we investigated whether the silencing of p14ARF and p16INK4a 

alters the mRNA levels of anti-apoptotic genes BCL-XL and BCL2 in KYSE30 cells.  
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Our RT-qPCR analysis revealed a slight increase in BCL-XL mRNA levels in p14ARF knockdown cells, while 

the depletion of p14ARF had no significant effect on BCL2 mRNA levels. On the other hand, p16INK4a 

depletion led to a significant increase of BCL-XL and BCL2 mRNA levels in KYSE30 cells (Figure 4.9). These 

results suggest that both p14ARF and p16INK4a exert effects through changes in the mRNA levels of the anti-

apoptotic genes, with their depletion resulting in upregulation of these genes, albeit to different extents. In 

contrast, over-expression of p14ARF or p16INK4a down-regulate anti-apoptotic BCL2-related proteins to 

facilitate the induction of the Caspase-dependent apoptosis [386, 390], consistent with the results observed in 

this study.  

 

Although knockdown of p14ARF and p16INK4a elevated transcription of pro-apoptotic Caspase-3 and 

Caspase-9 within 48 hours, the pro-apoptotic activity of BAX/BAK is counteracted by the expression of anti-

apoptotic BCL2-related proteins such as BCL-XL and BCL2, which inhibit Caspase activation, thereby 

blocking the Caspase-dependent pathway of apoptosis [391, 392]. Consequently, overexpression of BCL-XL 

and BCL2 in the same cells could contribute to evasion of apoptosis in KYSE30 cells by inhibiting Caspase 

activation and thereafter attenuating p16INK4a and p14ARF-induced apoptosis. 

 

 
Figure 4.9 p14ARF and p16INK4a knockdown on anti-apoptotic genes. 

The effects of p14ARF and p16INK4a knockdown on the expression of anti-apoptotic genes. KYSE30 cells were transiently 

transfected with 120 pmol of siRNA against either p14ARF or p16INK4a and the untreated cells were used as a negative 

control. Total RNA extracts were harvested from the cells 48 hours post transfection to examine the effects of p14ARF and 

p16INK4a knockdown on anti-apoptotic genes; BCL-XL and BCL2 by RT-qPCR analysis. 1g of total RNA was used as 

template for cDNA synthesis as described in Materials and Methods. Primers used for RT-qPCR are listed in materials and 

methods (Table 6.11). siRNA-mediated depletion of p14ARF and p16INK4a mRNA in KYSE30 cells upregulated BCL-XL 

mRNA levels compared to the untreated cells, while p16INK4a depletion significantly upregulated BCL2 mRNA levels. 

GAPDH was used for normalization. Error bars show standard deviation. Each bar represents the mean ± standard deviation 

(SD) of 3 replicates. Statistical analysis to determine significance difference of gene expression in OSCC cell lines and normal 

control was done using an unpaired t-test ns p > 0.05, *p ≤ 0.05, **p ≤ 0.01, ***p ≤ 0.001. 
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4.2.3.3 The effects of p14ARF and p16INK4a knockdown on NFE2L2-KEAP pathway regulators 

In addition to being identified as one of the driver genes in our cohort (Section 2.2.3.1), NFE2L2 mRNA levels 

were elevated in over half of OSCC tissues compared to their normal adjacent tissues (Section 3.2.3), 

potentially leading to increased expression of NFE2L2 target genes. p14ARF interacts with NFE2L2 and 

inhibits NFE2L2's ability to transcriptionally activate its target genes [393]. Moreover, NFE2L2 

overexpression abrogates p14ARF’s ability to induce p53-independent tumour growth suppression [393]. On 

the other hand, p16IKN4a is a target gene of NFE2L2 and mutations or deletion of p16INK4a prevent its 

upregulation that would result from NFE2L2 activation [394]. In addition, OShimori and others reported 

NFE2L2 involvement in cell cycle pathway, as it is associated with and stabilized by p21 resulting in enhanced 

oxidative stress reactive oxygen species protection and resistance to chemotherapeutic agents (258). 

Therefore, we aimed to examine the effects of siRNA-mediated knockdown of both p14ARF and p16INK4a 

on NFE2L2 mRNA levels in KYSE30 cells. 

 

We searched for the presence exon 2 NFE2L2 gene mutations in our OSCC cell lines and the control, EPC2 

cells seen in our patients by WGS and WES as shown in Table 4.3. None of exon 2 NFE2L2 mutations were 

detected in any of the cell lines analysed, neither were there any additional mutations spanning the region of 

interest (data not shown). 

 

Table 4.3 List of NFE2L2 exon 2 mutations screened in oesophageal cell lines. 
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Analysis of NFE2L2 mRNA levels in seven OSCC cell lines, and the control EPC2 cell line, by RT-qPCR 

showed significantly lower NFE2L2 mRNA levels in all OSCC cell lines when compared to the control cells, 

although it is recognised that only one control cell was used in this study (Figure 4.10). 

 

 
Figure 4.10 Analysis of NFE2L2 mRNA levels in OSCC cell lines. 

The NFE2L2 levels in seven OSCC cell lines (KYSE30, KYSE150, KYSE180, KYSE450, WHCO1, WHCO5 and WHCO6) 

and an immortalized normal oesophageal squamous cell line (EPC2) were analysed by quantitative real-time PCR showed 

lower NFE2L2 mRNA levels in OSCC cell lines compared to the normal control. 1g of total RNA was used as template for 

cDNA synthesis as described in Materials and Methods. NFE2L2 specific primers (Table 6.11) were used to detect NFE2L2 

mRNA levels. GAPDH was used for normalization. Error bars show standard deviation. Each bar represents the mean ± 

standard deviation (SD) of 3 replicates. Statistical analysis to determine significance difference of gene expression in OSCC 

cell lines and normal control was done using an unpaired t-test. ns p > 0.05, *p ≤ 0.05, **p ≤ 0.01, ***p ≤ 0.001.  

 

Previous studies have indicated that p14ARF has no obvious effect on NFE2L2 stability, but inhibits NFE2L2-

mediated transcriptional activation of NFE2L2 target genes [393]. However, siRNA-mediated depletion 

p14ARF and p16INK4a mRNA in KYSE30 cells resulted in significantly elevated NFE2L2 mRNA levels 

(Figure 4.11), which could potentially lead to upregulation of NFE2L2 protein levels. The precise mechanism 

by which p14ARF and p16INK4a regulates NFE2L2 requires further elucidation. It is noteworthy that 

overexpression of NFE2L2 and activation of NFE2L2 is critical for tumour growth [393], and in various types 

of cancers, NFE2L2 overexpression correlates with tumour progression, aggressiveness, and poor prognosis 

[395]. 
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Figure 4.11 p14ARF and p16INK4a knockdown on NFE2L2. 

The effects of p14ARF and p16INK4a knockdown on the expression of NFE2L2. KYSE30 cells were transiently transfected 

with 120 pmol of siRNA against either p14ARF or p16INK4a and the untreated cells were used as a negative control. Total 

RNA extracts were harvested from the cells 48 hours post transfection to examine the effects of p14ARF and p16INK4a 

knockdown on NFE2L2-KEAP pathway regulator; NFE2L2 by RT-qPCR analysis. 1g of total RNA was used as template 

for cDNA synthesis as described in Materials and Methods. Primers used for RT-qPCR are listed in materials and methods 

(Table 6.11). siRNA-mediated depletion of p14ARF and p16INK4a mRNA in KYSE30 cells significantly upregulated 

NFE2L2 mRNA levels compared to the untreated cells. GAPDH was used for normalization. Error bars show standard 

deviation. Each bar represents the mean ± standard deviation (SD) of 3 replicates. Statistical analysis to determine significance 

difference of gene expression in OSCC cell lines and normal control was done using an unpaired t-test. ns p > 0.05, *p ≤ 0.05, 

**p ≤ 0.01, ***p ≤ 0.001, ****p ≤ 0.0001. 

 

4.2.4 In silico analysis of structural and functional consequences of p14ARF and p16INK4a missense 

variants 

Besides detecting protein-truncating and indel mutations in CDKN2A, we have also found various missense 

variants in exon 2 of CDKN2A that potentially affect the functions of both p14ARF and p16INK4a (Table 

4.4). However, the lethality and the functional implications of these missense mutations on the stability and 

function p14ARF and p16INK4a proteins remains poorly understood, especially at the structural level. To 

address this gap, we conducted in silico analysis to investigate how these missense mutations might affect the 

stability of these two proteins.  
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Table 4.4 List of CDKN2A exon 2 missense mutations in p14RAF and p16INK4a. 

 
The first column denotes the genomic location of the substitution using the GRCh37 (Genome Reference Consortium Human 

Build 37). The second and third columns indicate the mutated codon, displaying both the alteration and the affected codon 

for p14ARF and p16INK4a, respectively. The analysis exclusively focused on examining the effects of missense mutations 

on the stability of these two proteins. 

 

4.2.4.1 Structural analysis of p14ARF and p16INK4a missense mutations using UCSF Chimera tool 

The wildtype Protein Data Bank (PDB) files for p14ARF (AF_AFQ8N726F1) and p16INK4a (1DC2) were 

downloaded from Research Collaboratory for Structural Bioinformatics Protein Data Bank (RCSB PDB), 

(https://www.rcsb.org) [396]. Mutant PDB files for both p14ARF and p16INK4a were prepared similarly 

using AlphaFold2, together with ColabFold [397]. The protein sequences of both p14ARF (Uniprot ID - 

Q8N726) and p16INK4a (Uniprot ID - P42771) were downloaded as FASTA files from UniProt [398]. The 

wildtype amino acid was substituted with the mutant amino acid for all identified mutations in p14ARF and 

p16INK4a, predicting mutant PDB files for each mutation in p14ARF and p16INK4a. These sequences were 

used as input for colabfold_batch, a component of ColabFold [398], which implements protein folding with 

Alphafold2 models using MMseqs2 to generate the multiple sequence alignments (MSAs). The models were 

generated with the default parameters. For protein visualization and molecular structure analysis, we employed 

the UCSF Chimera tool [399].  

 

4.2.4.1.1 p16INK4a 

The p16INK4a protein consists of four relatively conserved ankyrin repeat motifs, with each repeat forming 

a helix-turn-helix motif (Figure 4.12) that align in an antiparallel manner, held together by hydrophobic 

interactions, creating helical bundles constituting the long arm of the ‘L’ shape. Each ankyrin repeat comprises 

approximately 31 to 34 residues, connected by three long loops that are exposed to solvent and fold back onto 

the helical region, forming β turns. Loop 1 spans from Ala-36 to Arg-46, loop 2 from Gly-67 to Arg-80, and 

loop 3 from Gly-101 to Leu-113 [400]. The axis of these loops is perpendicular to the helical axis, contributing 

to the formation of the L-shaped structure. Residues in the second and third ankyrin repeats, along with the 

https://www.rcsb.org/
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loop linking these repeats, are predominantly involved in interactions with CDK [401]. Whereas residues in 

the first and fourth ankyrin repeats, including the flexible N- and C-termini, primarily contribute to stabilizing 

the overall structure of p16INK4a, with a lesser involvement in its association with CDK4 [400, 401].  

 

 
Figure 4.12 Sequence and domain structure of p16INK4a. 

p16INK4a sequence and domain structure. A) The primary amino acid sequence of p16INK4a. In the sequence, regions of 

secondary structure (α-helices) are highlighted in yellow. B) The domain structure of p16INK4a. The p16INK4a contains 

four ankyrin repeats. The domains of p16INK4a are named as follow: ANK1 - Ankyrin repeat 1, ANK2 - Ankyrin repeat 2, 

ANK3 - Ankyrin repeat 3, and ANK4 - Ankyrin repeat 4. Each ankyrin repeat consists of a helix-turn-helix motif connected 

by three long loops. β-hairpin loop 1 (Ala-36 to Arg-46), β-hairpin loop 2 (Gly-67 to Arg-80), and β-hairpin loop 3 (Gly-101 

to Leu-113). The secondary structure elements, connecting loops and the N-terminus and C-terminus are labelled. The 

wildtype PDB file for p16INK4a (1DC2) was downloaded from RCSB Protein Data Bank, (https://www.rcsb.org) [396]. The 

UCSF Chimera tool [399] was utilized for protein visualization and molecular structure analysis. 

 

A network of hydrogen bonds connects the sidechains of multiple residues across the protein, accompanied 

by electrostatic interactions. Notably, most of the positively and negatively charged residues are positioned 

on the exterior of the molecule, while the majority of hydrophobic residues are predominantly packed within 

the interior (Figure 4.13A). The key hydrophobic residues at the core of the helix bundles play a crucial role 

in stabilizing the helix bundles structure [400]. Both these characteristics are important for the binding to CDK 

[400]. 

 

https://www.rcsb.org/
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Binding and recognition of CDK are primarily facilitated by hydrogen-bond networks, involving several 

residues that are often mutated in cancer [401]. In our cohort, residues p.A68, p.D84, p.D108, and p.L130 

have been identified with missense variants that are potentially damaging. These variants include p.A68V, 

p.D84N, p.D108H, p.D108N, p.D108Y, and p.L130P. The p.A68V variant is in the linking loop 2, between 

ankyrin repeat 2 and ankyrin repeat 3, while the p.D84N variant occurs within the ankyrin repeat 3. The 

p.D108H, p.D108N, and p.D108Y variants affect the same residue, located in the linking loop 3, between 

ankyrin repeat 3 and ankyrin repeat 4, and the p.L130P variant occurs within ankyrin repeat 4 (Figure 4.13B). 

Furthermore, all these residues form hydrogen bonds with both the backbone and the sidechains atoms of 

various residues within the protein (Figure 4.13B). These interactions are crucial for contributing to the 

folding, structural integrity, conformational stability, and overall function of p16INK4a [400]. 

 

A detailed comparison was done between the structures of the wild-type and mutant p16INK4a proteins, 

focusing on hydrogen bonds, electrostatic interactions, as well as contacts at these specific residues. The 

hydrogen bonds were limited to intra-model interactions, encompassing interactions within the molecule. 

Contacts comprised all types of direct interactions within the molecule, including both polar and nonpolar 

interactions, as well as favourable and unfavourable interactions. To detect contacts, negative cutoff values 

ranging from a distance of 0.0 to –1.0 Å with an allowance of 0.0 Å are generally reasonable; in our analysis, 

we utilized the default contact settings of –0.4 and 0.0 Å, respectively.  

 

In both the wildtype and the p.A68V mutant p16INK4a proteins, a similar electrostatic interaction occurs 

between the same backbone atoms of the same residues (alanine 68/valine68 and leucine 63) (Figure 4.14A). 

However, while 13 contacts were found between wild-type A68 residue and surrounding atoms, there were 

18 contacts in p.A68V mutant protein (Figure 4.14B). The larger side chain of the p.A68V mutant residue is 

more hydrophobic compared to the wild-type residue. This variation in size and hydrophobicity may disrupt 

the electrostatic interactions with the adjacent molecules [402]. Additionally, the introduction of the larger 

amino acid might cause bumps in protein structure, thereby increasing molecular interactions [402, 403], 

which could explain the observed increased contacts in the mutant protein, potentially impacting protein 

folding and leading to decreased stability of p16INK4a.  
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Figure 4.13 Molecular interaction pattern of wildtype p16INK4a. 

The hydrogen bond interactions for wild-type p16INK4a protein. A) The hydrogen bond interactions within the p16INK4a protein, highlighting hydrophobicity and electrostatic 

interactions. Positively and negatively charged residues are marked in blue and red, respectively, while the hydrophobic residues are denoted in yellow. The backbone structure is 

depicted in grey. Notably, most of the charged residues are situated on the exterior of the molecule, while most of the hydrophobic residues are predominantly packed within the interior 

of the molecule. Hydrogen bonds are represented in blue and defined by solid lines, with the interacting protein residues represented in ball-and-stick format. B) Focus on specific 

residues (p.A68, p.D84, p.D108 and p.L130) identified with missense variants in exon 2 of p16INK4a. The highlighted hydrogen bond interactions formed between these residues and 

other within the molecule, crucial for folding and stability of p16INK4a. Both donor and acceptor atoms are shown. Residues of interest are labelled in grey. The wildtype PDB file for 

p16INK4a (1DC2) was downloaded from RCSB Protein Data Bank, (https://www.rcsb.org) [396]. The UCSF Chimera tool [399] was utilized for protein visualization and molecular 

structure analysis. 

https://www.rcsb.org/
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Figure 4.14 Structural analysis of the p.A68V variant on the structure of p16INK4a. 

Comparison of the structures of wild-type and mutant p16INK4a proteins. A) Analysis of hydrogen bonds and electrostatic interactions analysis in the superimposed structures of wild-

type and mutant p16INK4a. In the wild-type, the A68 residue forms a salt bridge (indicated in red) between the backbone atoms of alanine 68 and leucine 63. Similarly, in the p.A68V 

variant, a comparable electrostatic interaction (indicated in blue) occurs between the same backbone atoms of the same residues (valine 68 and leucine 63). The backbone structure is 

depicted in either brown, representing the wild-type p16INK4a protein, or blue, indicating the mutant p16INK4a proteins. B) Analysis of contacts interactions in the superimposed 

structures of wild-type and mutant p16INK4a.The introduction of the valine amino acid at position 68 leads to increased contacts in the mutant compared to the wild-type. Residues in 

contact within the wild-type are depicted in brown, while residues in contact within the mutant are shown in blue. Contacts include various direct interactions: polar and nonpolar, 

favourable, and unfavourable interactions. Mutant PDB files for p16INK4a were modelled with AlphaFold2, together with ColabFold [397]. The UCSF Chimera tool [399] was utilized 

for protein visualization and molecular structure analysis. 
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In the wild-type p16INK4a structure, at position 84 (aspartic acid 84), there are four salt bridges are observed: 

between aspartic acid 84 (donor) and arginine 80 (acceptor), two involving arginine 87 (donor) and aspartic 

acid 84 (acceptor) occurring between different atoms in the side chains of the two residues, and glutamic acid 

88 (donor) and aspartic acid 84 (acceptor) (Figure 4.15A). However, the introduction of the uncharged 

asparagine amino acid at position 84 (D84N) results in the elimination of two of the four salt bridges found in 

the wild-type (specifically, two of the arginine 87 and aspartic acid 84 hydrogen bonds). Additionally, this 

mutation leads to the formation of a new salt bridge between the side chain atoms of asparagine 84 and the 

backbone atoms of arginine 80 in the mutant protein (Figure 4.15A). Additionally, there is a decrease in 

contacts in the mutant compared to the wild-type, from 18 in the wild-type to 14 contacts in the mutant protein 

(Figure 4.15B).  

 

The p.D84N variant occurs within the ankyrin repeat 3; with residues in the second and third ankyrin repeats 

participating in hydrogen-bond interaction with CDK4 and CDK6 [401]. Wild-type aspartic acid 84 is a 

charged residue compared to the uncharged mutant asparagine 84, and most of these charged residues cluster 

on the surface of p16INK4a (Figure 4.13). These electrostatic interactions significantly contribute to the 

interaction between p16INK4a and CDK4 [400]. Alterations in the electrostatic interactions within these 

regions affect the protein's ability to interact with other molecules, such as cyclin-dependent kinases, thereby 

inhibiting the p16INK4a activity. Furthermore, structural changes in p16INK4a due to various mutants such 

as D84H, G101W, and H123Q have led to decreased or undetectable p16INK4a activity [400], potentially 

disrupting the regulation of cell cycle, increasing susceptibility to oncogenic stimuli, and promoting tumour 

progression [169, 401]. 

.
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Figure 4.15 Structural analysis of the p.D84N variant on the structure of p16INK4a. 

Comparison of the structures of wild-type and mutant p16INK4a proteins. A) Analysis of hydrogen bonds and electrostatic interactions analysis in the superimposed structures of wild-

type and mutant p16INK4a. In the wild-type, the D84 residue forms four salt bridges (indicated in red), two between the backbone atoms of aspartic acid 84 with arginine 80, and 

glutamic acid 88 backbone atoms, and two between the side chain atoms of aspartic acid 84 with side chain atoms of arginine 87. In contrast, the p.D84N variant led to the elimination 

of two of the four salt bridges found in the wild-type, and the formation of a new salt bridge between the side chain atoms of asparagine 84 and the backbone atoms of arginine 80. The 

backbone structure is depicted in either brown, representing the wild-type p16INK4a protein, or blue, indicating the mutant p16INK4a protein. B) Analysis of contacts interactions in 

the superimposed structures of wild-type and mutant p16INK4a. The introduction of the asparagine amino acid at position 84 leads to decreased contacts in the mutant compared to the 

wild-type. Residues in contact within the wild-type are depicted in brown, while residues in contact within the mutant are shown in blue. Contacts include various direct interactions: 

polar and nonpolar, favourable, and unfavourable interactions. Mutant PDB files for p16INK4a were modelled with AlphaFold2, together with ColabFold [397]. The UCSF Chimera 

tool [399] was utilized for protein visualization and molecular structure analysis. 
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Two salt bridges are observed in the wild-type p16INK4a between the backbone atoms of aspartic acid 108 

(D108) with arginine 112, as well as glycine 111 backbone atoms (Figure 4.16A). Similarly, in all three 

variants affecting this residue, namely p.D108H, p.D108N, and p.D108Y, comparable electrostatic 

interactions were observed between the backbone atoms of the respective residues (histidine, asparagine and 

tyrosine) with arginine 112, and glycine 111 backbone atoms (Figure 4.16A, Figure 4.17A, Figure 4.18A). 

However, the p.D108N variant leads to the formation of new salt bridges between the side chain atoms of 

asparagine 108 (N108) and the backbone atoms of arginine 112, and tryptophan 110, (Figure 4.17A), 

potentially contributing to the altered folding and conformational instability of p16INK4a. The p.D108Y 

variant replaced a negatively charged native residue, aspartic acid with a hydrophobic residue, tyrosine, 

(Figure 4.18A) which could disrupt electrostatic interactions with surrounding molecules and possibly 

compromise the hydrophilic function on the surface of p16INK4a [402, 403].  

 

Twenty-two contacts were detected between atoms at D108 residue and neighbouring residues (Figure 4.16B). 

In contrast, in all three mutants, p.D108H, p.D108N, and p.D108Y, the observed contacts increased compared 

to those in the wild-type residues: 45 contacts, 25 contacts, and 36 contacts in p.D108H, p.D108N, and p.D108, 

respectively (Figure 4.16B, Figure 4.17B, Figure 4.18B). Furthermore, the alterations introduced larger side 

chain amino acids compared to the wild-type residue in all three mutants. This variation in size could lead to 

bumps in protein structure, thereby increasing molecular interactions [402, 403], which could explain the 

observed increased contacts in the mutant protein.  
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Figure 4.16 Structural analysis of the p.D108H variant on the structure of p16INK4a. 

Comparison of the structures of wild-type and mutant p16INK4a proteins. A) Analysis of hydrogen bonds and electrostatic interactions analysis in the superimposed structures of wild-

type and mutant p16INK4a. In the wild-type, the D108 residue forms two salt bridges (indicated in red) between the backbone atoms of aspartic acid 108 with arginine 112, and glycine 

111 backbone atoms. Similarly, in the p.D108H variant, same electrostatic interactions (indicated in blue) occur between the same backbone atoms of the same residues (histidine 108 

with arginine 112, and glycine 111). The backbone structure is depicted in either brown, representing the wild-type p16INK4a protein, or blue, indicating the mutant p16INK4a protein. 

B) Analysis of contacts interactions in the superimposed structures of wild-type and mutant p16INK4a. The introduction of the histidine amino acid at position 108 leads to increased 

contacts in the mutant compared to the wild-type. Residues in contacts within the wild-type are depicted in brown, while residues in contacts within the mutant are shown in blue. 

Contacts include various direct interactions: polar and nonpolar, favourable, and unfavourable interactions. Mutant PDB files for p16INK4a were modelled with AlphaFold2, together 

with ColabFold [397]. The UCSF Chimera tool [399] was utilized for protein visualization and molecular structure analysis. 
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Figure 4.17 Structural analysis of the p.D108N variant on the structure of p16INk4a. 

Comparison of the structures of wild-type and mutant p16INK4a proteins. A) Analysis of hydrogen bonds and electrostatic interactions analysis in the superimposed structures of wild-

type and mutant p16INK4a. In the wild-type, the D108 residue forms two salt bridges (indicated in red) between the backbone atoms of aspartic acid 108 with arginine 112, and glycine 

111 backbone atoms. In the p.D108N variant, in addition to similar electrostatic interactions (indicated in blue) occurring between the same backbone atoms of the same residues found 

in the wild-type protein (asparagine 108 with arginine 112, and glycine 111 backbone atoms), the p.D108N variant leads to the formation of new salt bridges between the side chain 

atoms of asparagine 108 and the backbone atoms of arginine 112, and tryptophan 110. The backbone structure is depicted in either brown, representing the wild-type p16INK4a protein, 

or blue, indicating the mutant p16INK4a protein. B) Analysis of contacts interactions in the superimposed structures of wild-type and mutant p16INK4a. The introduction of the 
asparagine 108 amino acid leads to increased contacts in the mutant compared to the wild-type. Residues in contact within the wild-type are depicted in brown, while residues in contact 

within the mutant are shown in blue. Contacts include various direct interactions: polar and nonpolar, favourable, and unfavourable interactions. Mutant PDB files for p16INK4a were 

modelled with AlphaFold2, together with ColabFold [397]. The UCSF Chimera tool [399] was utilized for protein visualization and molecular structure analysis. 
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Figure 4.18 Structural analysis of the p.D108Y variant on the structure of p16INK4a. 

Comparison of the structures of wild-type and mutant p16INK4a proteins. A) Analysis of hydrogen bonds and electrostatic interactions analysis in the superimposed structures of wild-

type and mutant p16INK4a. In the wild-type, the D108 residue forms two salt bridges (indicated in red) between the backbone atoms of aspartic acid 108 with arginine 112, and glycine 

111 backbone atoms. Similarly, in the p.D108HY variant, same electrostatic interactions (indicated in blue) occur between the same backbone atoms of the same residues (tyrosine 108 

with arginine 112, and glycine 111). The backbone structure is depicted in either brown, representing the wild-type p16INK4a protein, or blue, indicating the mutant p16INK4a protein. 

B) Analysis of contacts interactions in the superimposed structures of wild-type and mutant p16INK4a. The introduction of the tyrosine 108 amino acid leads to increased contacts in 

the mutant compared to the wild-type. Residues in contact within the wild-type are depicted in brown, while residues in contact within the mutant are shown in blue. Contacts include 

various direct interactions: polar and nonpolar, favourable, and unfavourable interactions. Mutant PDB files for p16INK4a were modelled with AlphaFold2, together with ColabFold 

[397]. The UCSF Chimera tool [399] was utilized for protein visualization and molecular structure analysis.
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In the wild-type p16INK4a, the L130 residue forms two salt bridges involving the backbone atoms of leucine 

130, and valine 126 and alanine 134. However, the L130P variant disrupts one of these salt bridges 

(specifically, the interaction between leucine 130 (donor) and valine 126 (acceptor) interaction), potentially 

affecting the folding of the ankyrin repeat 4 helices (Figure 4.19A). Furthermore, at the L130 residue, we 

detected 31 contacts, encompassing polar and nonpolar interactions. Consequently, the introduction of an 

aromatic residue results in reduction of contacts in the mutant compared to the wild-type, reducing from 28 to 

23 interactions (Figure 4.19B). This reduction may result in a loss of various interactions crucial for protein 

structure, potentially contributing to the decreased stability of the protein. 

 

In summary, the comparative analysis between wild-type and mutant p16INK4a proteins reveals significant 

structural alterations and potential functional implications. In the p.A68V mutant, the larger, more 

hydrophobic side chain disrupts electrostatic interactions, leading to increased contacts, potentially 

compromising protein folding and stability. Similarly, the introduction of uncharged asparagine at position 84 

(D84N) alters electrostatic interactions and reduces contacts within the protein. The p.D108N variant 

introduces new salt bridges, likely to impact protein folding, while p.D108Y replaces a charged residue with 

a hydrophobic one, potentially compromising protein function. Moreover, mutations such as p.D108H, 

p.D108N, and p.D108Y lead to increased contacts compared to the wild-type, likely due to the larger side 

chain amino acids. Additionally, the L130P variant disrupts salt bridges and reduces contacts, potentially 

contributing to decreased protein stability. These structural alterations may disrupt interactions crucial for 

p16INK4a stability and function, possibly affecting cell cycle regulation and promoting tumorigenesis. 
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Figure 4.19 Structural analysis of the p.L130P variant on the structure of p16INK4a. 

Comparison of the structures of wild-type and mutant p16INK4a proteins. A) Analysis of hydrogen bonds and electrostatic interactions analysis in the superimposed structures of wild-

type and mutant p16INK4a. In the wild-type, the L130 residue forms two salt bridges (indicated in red) between the backbone atoms of leucine 130, and valine 126 and alanine 134 

backbone atoms. In contrast, in the p.L130P variant, leads to the elimination of one of the two salt bridges found in the wild-type. The backbone structure is depicted in either brown, 

representing the wild-type p16INK4a protein, or blue, indicating the mutant p16INK4a protein. B) Analysis of contacts interactions in the superimposed structures of wild-type and 

mutant p16INK4a. The introduction of the proline amino acid at position 130 led to decreased contacts in the mutant compared to the wild-type. Residues in contact within the wild-

type are depicted in brown, while residues in contact within the mutant are shown in blue. Contacts include various direct interactions: polar and nonpolar, favourable, and unfavourable 

interactions. Mutant PDB files for p16INK4a were modelled with AlphaFold2, together with ColabFold [397]. The UCSF Chimera tool [399] was utilized for protein visualization and 

molecular structure analysis. 
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4.2.4.1.2 p14ARF 

p14ARF exhibits a distinctive molecular profile, characterized by its high basicity and hydrophobicity. Its 

basic nature is attributed to its high arginine content, constituting over 20% of its amino acid composition, 

while notably lacking in lysine amino acids [169, 178, 332]. Interestingly, most of the hydrophobic residues 

are predominantly packed in the exon 1β-encoded N-terminal region of the molecule, which encompasses the 

secondary structure elements (-pleated sheets and α-helices) of the protein. In contrast, most of the charged 

residues are situated in the exon 2 encoded C-terminal region (Figure 4.20 and Figure 4.21A).  

 

Moreover, a significant portion of the hydrogen bond network is observed within the N-terminal region of the 

molecule (Figure 4.21A), playing a crucial role in stabilizing the structure and facilitating interaction with 

other molecules, such as MDM2. Notably, p14ARF lacks structural motifs unless it forms complexes with 

other targets, which facilitate its folding process [178]. Proteins that bind to p14ARF, such as MDM2, typically 

interact with the first 64 amino acid residues of p14ARF [167, 404]. Furthermore, its noteworthy that the N-

terminal domain of p14ARF binds to MDM2 with similar affinity as the full-length protein, indicating that 

the N-terminal 64 amino acids, encoded by exon 1β, are essential and sufficient for binding to MDM2 [167]. 

 

In our cohort, we identified missense variants resulting in alterations such as p.P72L, p.P94L, p.R98Q, 

p.R122P, p.R122Q, and p.R122L. Importantly, these mutations occur outside the N-terminal domain, which 

contains the first 64 residues crucial for binding to p14ARF targets such as MDM2. Furthermore, most of these 

alterations involve substituting a charged arginine residue with an uncharged or hydrophobic residue, 

suggesting that these alterations could potentially affect the structural interaction or dynamics of the protein. 

 

Further analysis revealed that none of these mutated residues formed hydrogen bonds or electrostatic 

interactions with other residues within the protein (Figure 4.21B). Moreover, when comparing the structures 

of the wild-type and mutant p14ARF proteins, our analysis revealed no hydrogen bonds or electrostatic 

interactions with surrounding residues in any of the mutants (results not shown). The absence of such 

interactions suggests that these mutations may not directly affect the stability or conformation of p14ARF 

through disrupting specific interactions.  

 

In summary, while these mutations may not directly affect the binding of p14ARF to its targets, they could 

contribute to cancer development through alternative mechanisms. These mechanisms may include 

influencing protein localization, or interactions with other cellular components, leading to dysregulation of 

critical pathways involved in tumorigenesis.  
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Figure 4.20 Sequence and structure of p14ARF. 

p14ARF sequence and structure. A) The primary amino acid sequence of p14ARF. In the sequence, regions of secondary 

structure are highlighted in green for -pleated sheets and yellow for α-helices, respectively. B) The structure of p14ARF. 

The wildtype PDB files for p14ARF (AF_AFQ8N726F1) was downloaded from RCSB Protein Data Bank, 

(https://www.rcsb.org) [396]. UCSF Chimera tool [399] was utilized for protein visualization and molecular structure 

analysis. 

https://www.rcsb.org/
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Figure 4.21 Molecular interaction pattern of wildtype p14ARF. 

The hydrogen bond interactions for wild-type p14ARF protein. A) The hydrogen bond interactions within the p14ARF protein, highlighting hydrophobicity and electrostatic interactions. 

Positively and negatively charged residues are marked in blue and red, respectively, while the hydrophobic residues are denoted in yellow. The backbone structure is depicted in grey. 

p14ARF exhibits a high arginine content, with over 20% of its amino acids being arginine, and lacks lysine amino acids. Interestingly, the majority of the hydrophobic residues are 

predominantly packed in the exon 1β-encoded N-terminal region of the molecule, encompassing the secondary structure regions of the protein , while most of the charged residues are 

situated in the exon 2 encoded C-terminal region. Hydrogen bonds are represented in blue and defined by solid lines, with the interacting protein residues represented in ball-and-stick 

format. B) Focus on specific residues (p.P72, p.P94, p.R98 and p.R122) identified with missense variants in exon 2 of p14ARF. No hydrogen bond interactions are formed between 

these residues. Residues of interest are labelled in grey. The wildtype PDB files for p14ARF (AF_AFQ8N726F1) was downloaded from RCSB Protein Data Bank, (https://www.rcsb.org) 

[396]. The UCSF Chimera tool [399] was utilized for protein visualization and molecular structure analysis. 

https://www.rcsb.org/
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4.2.4.2 Analysis of p14ARF and p16INK4a missense mutations using In-Silico 

bioinformatics tools 

In addition to our structural analysis, we used three computational tools (PolyPhen-2, I-

mutant2.0, and SIFT) to assess the potential impact of missense mutations on p16INK4a and 

p14ARF protein stability. This integrated approach enables us to not only understand the 

structural implications of these mutations but also predict their functional consequences. These 

tools predict the effects and consequences of mutations in proteins, enhancing our structural 

findings by providing insights into how mutations could interfere with protein stability and 

function. 

 

PolyPhen-2 (Polymorphism Phenotyping v2) [405] predicts the pathogenicity of the missense 

variants based on several sequence-based and structure-based features characterizing the 

substitution. It analyses various sequence-based features affected by the missense variant, and 

considers structural information of the protein, such as from X-ray crystallography or 

homology modelling, to assess the potential impact on protein structure. Factors like changes 

in protein stability, alterations in protein-protein interactions, or disruptions in active sites or 

functional domains are considered. Furthermore, variants with higher scores are predicted 

probably damaging, while those with lower scores are predicted to be benign. Variants with 

"probably damaging" predictions are often considered strong candidates for further functional 

studies or clinical investigations, especially if they occur in genes associated with human 

diseases [405-407]. 

 

I-Mutant v2.0 [408] predicts the effects of these mutations on protein stability by extracting 

features from the protein sequence and mutation(s) provided. It considers factors such as amino 

acid properties, structural information, and sequence conservation to generate predictions for 

stability change caused by the mutations. The output typically includes a stability score or 

deltadeltaG (ΔΔG) value, where positive values suggest destabilizing mutations and negative 

values suggest stabilizing mutations [408]. 

 

SIFT (Sorting Intolerant From Tolerant) [409] predicts whether an amino acid substitution 

affects protein function based on sequence homology and the physical properties of amino 

acids. It aligns the protein sequence with homologous sequences from related organisms or 

proteins with similar functions to identify conserved regions, where substitutions are more 
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likely to disrupt protein function. SIFT classifies substitutions as damaging or tolerated by 

considering the physical properties of amino acids, such as size, charge, and hydrophobicity, 

and evaluates how the substitution affects these properties and thus the function of the protein 

[409]. All analyses were conducted using the default settings of the programs [407].  

 

The analysis revealed interesting insights regarding the impact of missense variants on both 

p14ARF and p16INK4a proteins. In case of p14ARF, four out of six missense variants were 

predicted to be deleterious, potentially affecting protein stability according to PolyPhen-2 and 

I-mutant2.0. However, SIFT predicted these variants to be tolerable amino acid substitutions. 

In contrast, SIFT predicted the remaining two p14ARF mutations as intolerant variants, while 

PolyPhen-2 either classified their impact on p14ARF's structure and function as benign or as 

not determinable (ND) (Table 4.5). An "ND" result from PolyPhen-2 indicates that the tool 

couldn’t assess the mutation’s impact due to various reasons such as insufficient data or 

unusual mutation types [405].  

 

These p14ARF results align with our initial structural analysis, as these mutations occur outside 

the first 64 residues crucial for binding to p14ARF targets including MDM2, furthermore, the 

fact that none of these mutated residues formed hydrogen bonds or electrostatic interactions 

with other residues within the protein may explain why most of these mutations were predicted 

tolerable. 

 

Table 4.5 Comparison of the effects of p14ARF mutations using three different predictive 

tools. 

 
Impact of the CDKN2A mutations on p14ARF protein function.  
a The protein submitted for analysis.  
b The genomic location of the substitution using the GRCh37 (Genome Reference Consortium Human Build 

37).  
c The codon that has been mutated, showing both the altered base within the coding sequence and the affected 

codon within the protein sequence. 
d The exon of p14ARF where the mutation is found.  
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e The rsID number (Reference SNP cluster ID). If the substitutions have a variant overlapping at the same 

position, the rsID is displayed. rsID numbers are obtained from https://www.ncbi.nlm.nih.gov/snp/. 

However, the alleles may not be the same.  
f The three tools utilized for the predictions. 

 

In the case of p16INK4a, four out of six p16INK4a missense variants were predicted by all 

three tools to be intolerant and deleterious substitutions, and potentially affecting protein 

stability, which aligns well with our initial structural analysis. Meanwhile, SIFT identified the 

remaining two variants to be tolerable amino acid substitutions (Table 4.6). Interestingly, our 

initial analysis showed that the two variants (p.D84N and p.D108N) predicted as tolerable by 

SIFT altered electrostatic interactions within the protein, potentially contributing to decreased 

protein stability, a prediction similar to that of the I-Mutant v2.0 tool. However, it is worth 

noting that SIFT classifies substitutions based on the physical properties of amino acids, such 

as size, charge, and hydrophobicity [409], rather than considering the specific position of the 

mutation. Given that these residues are present in ankyrin repeat 3 and in the linking loop 3, 

for p.D84N and p.D108N, respectively, these residues are involved in interactions with CDK 

[401]. This distinction could explain why these mutations were predicted tolerable despite 

potentially affecting protein stability. 

 

Table 4.6 Comparison of the effects of p16INK4a mutations using the three different 

predictive tools. 

 
Impact of the CDKN2A mutations at the p16INK4a protein function.  
a The protein submitted for analysis.  
b The genomic location of the substitution using the GRCh37 (Genome Reference Consortium Human Build 

37).  
c The codon that has been mutated, showing both the altered base within the coding sequence and the affected 

codon within the protein sequence. 
d The exon of p16INK4a where the mutation is found.  
e The rsID number (Reference SNP cluster ID). If the substitutions have a variant overlapping at the same 

position, the rsID is displayed. rsID numbers are obtained from https://www.ncbi.nlm.nih.gov/snp/. 

However, the alleles may not be the same.  
f The three tools utilized for the predictions. 

 

In summary, several variants identified in these proteins, especially p16INK4a have the 

potential to disrupt protein stability and function. Furthermore, these findings highlight the 

complexity of predicting the functional impact of missense variants and emphasize the 
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importance of considering multiple computational tools and structural analyses to obtain a 

comprehensive understanding. Further experimental validation is necessary to elucidate the 

precise functional consequences of these variants in cancer biology. 
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4.3 Discussion 

CDKN2A is an important tumour suppressor gene which plays an important role in cell cycle 

regulation and prevents tumour development [166, 170]. The CDKN2A locus contains two 

unrelated proteins both capable of inducing cell cycle arrest when overexpressed, namely 

p14ARF and p16INK4a [164, 165, 196, 300, 332]. In previous chapters (Chapter 3, section 

3.2.2), we found variable levels of p14ARF and p16INK4a mRNA in OSCC tumours compared 

to their normal adjacent tissues, p16INK4a was significantly reduced or even absent in more 

than 60% of the OSCC tumours, while p14ARF mRNA levels were significantly lower in 48% 

tumours of the OSCC tumours. Hence, in part of the study, we carried out siRNA-mediated 

knockdown of p14ARF and p16INK4a to explore their roles in OSCC cell lines. We 

investigated the consequences of p14ARF and p16INK4a deficiency on various signalling 

pathways, including those involved in cell cycle regulation, apoptosis, anti-apoptosis, and the 

NFE2L2-KEAP pathway. Furthermore, we performed an in-silico analysis to examine the 

pathogenicity of p14ARF and p16INK4a missense variants. Additionally, we investigated the 

effects of damaging missense variants on the structure of the p16INK4a protein. 

 

The initial investigations involved screening the indicated cell lines for CDKN2A exon 2 

mutations detected in patients by WGS and WES techniques (as discussed in Chapter 2). 

Additionally, we assessed the mRNA levels of p16INK4a and p14ARF in OSCC cell lines, 

using a human telomerase immortalized oesophageal cell line, EPC2, was used as control cells. 

One drawback of this analysis is using a single control cell line, particularly a telomerase 

immortalized cell line as our normal control. Ideally, employing multiple control cell lines 

representing different cellular contexts would provide a more comprehensive comparison and 

enhance the robustness of our findings and strengthen the validity of the results. Our analysis 

revealed that only one of the eleven mutations examined (p16INK4a c.358G>T [p.E120*]) was 

present in KYSE30. Four cell lines: KYSE150, KYSE450, WHCO1 and WHCO6 were 

identified lacking exon 2 amplification of CDKN2A based on our PCR amplification analysis. 

Our findings are partly consistent with results reported by Li etal. [410], who found CDKN2A 

deletions and point mutations in 95.8% of OSCC cell lines analysed in their study including 

KYSE450 and KYSE180, as well as CDKN2A gains and point mutations in KYSE30 and 

KYSE150 cells. It has been reported that p16INK4a and p14ARF expression is absent or 

significantly reduced in OSCCs [174, 175, 192]. The analysis of p14ARF and p16INK4a 
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mRNA levels by RT-qPCR analysis showed significantly lower to absent mRNA levels in most 

of the OSCC cell lines, including cell lines where exon 2 could not be amplified. Of note, 

p16INK4a mRNA levels were significantly lower in all the OSCC cell lines except KYSE30, 

when compared to the control cells. On the other hand, p14ARF mRNA levels were 

significantly lower in four and five OSCC cell lines, respectively. Notably, p14ARF mRNA 

levels were significantly higher in KYSE30 and WHCO5 cells. Furthermore, there was no 

significant difference p16INK4a mRNA levels between KYSE30 cells and EPC2 cells, 

indicating that the truncating mutation in KYSE30 had no significant effects on the p16INK4a 

mRNA levels in these cells. These results suggest that there is some level to which truncating 

mutation have a signification impact on gene expression, and truncating mutations occurring 

at the end of a coding region might have no to little effect on gene expression or mRNA 

stability. Additionally, mutations causing premature stop codons may activate nonsense-

mediated mRNA decay, leading to mRNA degradation [382]. Nevertheless, if the mutation 

occurs in a region where nonsense-mediated mRNA decay does not occur, or if the mRNA 

remains stable enough to sustain detectable levels, this might explain why p16INK4a mRNA 

levels are not significantly affected in KYSE30 cells. The differential expression of p14ARF 

and p16INK4a in OSCC cell lines suggests a potential significance of exon 2 mutations in 

CDKN2A and their different impacts on p14ARF and p16INK4a mRNA levels in OSCC cells.  

 

Both p14ARF and p16INK4a play important roles in regulating cell cycle, senescence and 

apoptosis [38, 163, 166, 168, 170, 178, 179, 196, 314, 332]. Our analysis of the effects of 

p14ARF and p16INK4a knockdown in signalling pathways in KYSE30 cells showed altered 

expression of cell cycle regulator mRNA levels. Specifically, there was an upregulation of Rb, 

MDM2 and p21 mRNA levels, along with downregulation CCND1 mRNA levels. Rb and 

CCND1 and MDM2 and p21, belong to two distinct yet overlapping tumour suppressor 

pathways: p16INK4a/Rb and p14ARF/p53/p21 pathways, respectively [163, 167, 168, 179]. 

Furthermore, the regulation of these pathways differs distinctly [167]. In the p14ARF/p53/p21 

pathway, p14ARF and MDM2 interaction promote the MDM2 protein degradation, thereby 

inhibiting MDM2-dependent p53 degradation and leading to increased expression and 

stabilization of p53. This increases p53 activity and increased expression of p53-regulated 

genes, such as p21 [167, 169]. The knockdown of p14ARF and p16INK4a in KYSE30 cells 

significantly elevated MDM2 mRNA levels, suggesting that loss of p14ARF and p16INK4a 

lead to upregulation of MDM2. This upregulation of MDM2 could promote the rapid 

degradation of p53 and inhibit the ability of p53 to promote cell cycle arrest in KYSE30 cells. 
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In contrast, p21 mRNA levels were upregulated in p14ARF and p16INK4a knockdown cells. 

Although p21 is primarily associated with p53 in terms of its cell cycle arrest function [318], 

our results confirm the possibility of p53-independent pathways leading to p21 expression in 

response to cellular stress, such as DNA damage or oxidative stress [318, 411]. Furthermore, a 

truncation mutation in p16INK4a was detected in KYSE30 cell line, it is unclear how 

p16INK4a knockdown leads to elevated p21 mRNA levels, suggesting the existence of 

alternative pathways or mechanisms in KYSE30 cells that regulate p21 expression 

independently of p16INK4a and p53 interactions. Several studies have demonstrated a positive 

correlation between the tumour suppressor proteins p16INK4a and p53. It has been shown that 

p16INK4a acts as an effective positive regulator of p53 expression at the protein level, 

mediated via p16INK4a-dependent stabilization of the p53 protein through suppressing the 

expression of MDM2 in both human and mouse cells [412]. We have shown that although p53 

mRNA levels were not significantly altered, MDM2 mRNA levels were upregulated in 

p16INK4a deficient cells, consistent with previous findings [412]. This suggests that the levels 

of p53 and p16INK4a are positively correlated, and lack of p16INK4a expression upregulates 

MDM2 expression, rendering the p53 protein vulnerable to MDM2-mediated degradation. 

 

Previous studies have shown that overexpression of the anti-apoptotic proteins BCL-XL or 

BCL2 inhibits cell death by inhibiting caspase activation [391, 392]. Additionally, the 

overexpression of p14ARF and p16INK4a downregulates the expression of anti-apoptotic 

genes such as MCL1, BCL-XL and BCL2 in p53 protein-deficient cells that facilitates 

mitochondrial apoptosis induced by p14ARF or p16INK4a via BAK/BAX proteins in various 

cancers [386, 388, 390]. Our analysis of apoptotic genes showed elevated Caspase-3 and 

Caspase-9 mRNA levels in p14ARF and p16INK4a knockdown cells. This suggests that 

p14ARF and p16INK4a may exert a suppressive or regulatory effect on the expression of these 

pro-apoptotic genes. The increased expression of Caspase-3 and Caspase-9 would likely lead 

to an increase in apoptosis, a mechanism for controlling aberrant cell growth [413]. However, 

the specific mechanism by which p16INK4a knockdown leads to elevated Caspase-3 and 

Caspase-9 mRNA levels remains unclear and requires further investigation. Despite the 

elevated transcription of pro-apoptotic Caspase-3 and Caspase-9 by knockdown of p14ARF 

and p16INK4a, the mRNA levels of anti-apoptotic genes; BCL-XL and BCL2 mRNA levels 

were significantly upregulated in the same cells. The pro-apoptotic activity of BAX/BAK is 

counteracted by the expression of anti-apoptotic BCL2-related proteins such as BCL-XL and 

BCL2, which inhibit Caspase activation, thus blocking the Caspase-dependent pathway of 
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apoptosis [391, 392]. This overexpression of BCL-XL and BCL2 in the same cells could thereby 

contribute to evading apoptosis in KYSE30 cells by inhibiting Caspase activation, 

subsequently attenuating p16INK4a and p14ARF-induced apoptosis, and ultimately leading to 

cell survival. Similarly, siRNA-mediated depletion p14ARF and p16INK4a mRNA resulted in 

significantly elevated NFE2L2 mRNA levels, which could potentially lead to upregulation of 

NFE2L2 expression. High NFE2L2 expression contribute to increased expression of NFE2L2 

target genes conferring advantages in terms of stress resistance, cell survival and proliferation 

[214, 217]. 

 

In addition to knockdown studies, we conducted in silico analysis to evaluate the potential 

impact of missense mutations on the stability and pathogenicity p14ARF and p16INK4a 

proteins to distinguish between deleterious and non-deleterious mutations. Our comparative 

analysis between wild-type and mutant p16INK4a proteins revealed that all examined 

mutations were predicted to be damaging variants. These mutations induced significant 

structural alterations, such as introduction of larger, more hydrophobic, or uncharged residues, 

disrupting hydrogen bonds and electrostatic interactions. Consequently, these alterations 

increased contacts, potentially compromising protein folding and stability [402, 403]. 

Furthermore, variants such as p.A68V and p.D84N were identified in crucial regions, in the 

linking loop 2 and ankyrin repeats 3, respectively. These regions, especially in the second and 

third ankyrin repeats, and the linking loops, play crucial roles in interacting with CDK4 for cell 

cycle regulation [400, 401]. Alterations in the electrostatic interactions within these regions 

affect the ability of the protein to interact with other molecules, such as cyclin-dependent 

kinases, thereby inhibiting the p16INK4a activity. In previous studies, structural modifications 

induced by various mutations such as D84H, G101W, and H123Q led to decreased to 

undetectable p16INK4a activity [400]. Notably, the p.L130P mutation located in the fourth 

ankyrin repeat, which along with the first ankyrin repeat (including the flexible N- and C-

termini), crucial for stabilizing the overall structure of p16INK4a [400, 401], may disrupt 

interactions important for p16INK4a stability and function, potentially affecting cell cycle 

regulation and promoting tumorigenesis [401]. 

 

In case of p14ARF, most missense variants were predicted to be tolerable substitutions. These 

findings align with our initial structural analysis, as these mutations occur outside the first 64 

residues that are crucial for binding to p14ARF targets such as MDM2. None of these mutated 

residues were involved in hydrogen bonds or electrostatic interactions with other residues 
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within the protein, explaining why most of these mutations were predicted tolerable. These 

mechanisms may include influencing protein localization, or interactions with other cellular 

components, leading to dysregulation of critical pathways involved in tumorigenesis. 

 

In conclusion, our findings reveal the significance of reduced mRNA levels of p14ARF and 

p16INK4a in KYSE30 cells, which contribute to the dysregulation of multiple cancer signalling 

pathways. This dysregulation involves altered expression of cell cycle regulators, including the 

upregulation of MDM2 mRNA levels, as well as the upregulation of anti-apoptotic genes BCL2 

and BCL-XL mRNA levels. Consequently, the upregulation of MDM2 may promote cell cycle 

progression and hinder G1 cell cycle arrest mediated by p53. Moreover, the observed 

upregulation of anti-apoptotic genes and NFE2L2 mRNA levels in p14ARF and p16INK4a 

mRNA-depleted cells may contribute to cell survival, and growth of apoptosis-resistant and 

stress-resistant cells, all of which are pivotal events in tumorigenesis. Furthermore, our in-silico 

mutation analysis reveals how damaging missense mutations such as p.A68V, p.D84N, 

p.D108H, p.D108N, p.D108Y, and p.L130P directly impact the native structure of the 

p16INK4a protein, potentially influencing its function. These findings collectively underscore 

the complex roles of p14ARF and p16INK4a in modulating key pathways implicated in cancer 

development. 
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Chapter 5  

Discussion and conclusion 
 

5.1. Overall discussion and conclusion 

OSCC is one of the most prevalent cancers in Sub-Saharan Africa. Although genomic 

alterations associated with OSCC have been extensively studied in Western (American and 

European) and Eastern (Chinese, Japanese, Korean and Indian) populations [77, 124, 125, 127, 

128, 131-133, 136, 142, 154-157], data from Sub-Saharan Africa are limited [22, 134]. In this 

study, we performed an integrative analysis of whole genome and whole exome sequence 

analysis on 31 and 67 OSCC genomes, respectively, from South African patients to investigate 

the mutational landscape of South African OSCC patients. Our analysis revealed frequent 

genomic mutations, identified key driver genes, and uncovered novel mutational signatures and 

molecular subtypes associated with OSCC in South African patients. Mutations in genes such 

as p14ARF and p16INK4a were implicated in OSCC development. Further experiments 

demonstrated that knockdown of p14ARF and p16INK4a mRNA in KYSE30 cells lead to the 

dysregulation of various cell cycle signalling pathways. Additionally, we observed that 

missense mutations in p16INK4a, including p.A68V, p.D108N, p.D108H, p.D108Y, and 

p.L130P, disrupt electrostatic interactions, potentially affecting the protein's folding, stability, 

and probably function. 

 

The observed non-silent mutation load (2.5 mutations/Mb) in both WGS and WES analyses 

was consistent with reported mutation loads ranging from 1.9 to 3 mutations per Mb in OSCC 

[22, 123, 125, 128, 135, 139, 250]. Analysis of transition and transversion rates in coding 

sequences in our samples showed that C:G> T:A transitions were the most common mutations, 

followed by C:G>A:T and C:G>G:C transversions, similar to previous studies of OSCC [131, 

138]. The C:G> T:A transitions predominance is consistent with spontaneous cytosine 

deamination to thymine [227], as a major mutagenic process in OSCC, as previously observed 

[77, 122, 123, 125, 128, 131, 137, 138, 142, 154]. The most frequently mutated genes including 

TP53, TTN, CDKN2A, NOTCH1, KMT2D, NFE2L2, DMD, PCLO, CSMD3, PIK3CA, LRP1B, 

FAT3, FAT2, KMT2C, RYR2 and MUC16, which have been previously reported in the Asian 

[77, 123-125, 127, 128, 131, 135, 136, 138, 139, 142, 143, 156] and Malawian populations 

[22]. Furthermore, through bioinformatics analysis, we identified several driver genes in our 

cohort. Six genes showed significant recurring mutations across OSCC genomes including 
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TP53, CDKN2A (p16INK4a) identified in both WGS and WES analyses, while CDKN2A 

(p14ARF), and KMT2D were identified in only WGS, and NFE2L2, ZNF750 while NOTCH1 

were detected only in WES analysis. These driver genes align with previous studies findings, 

highlighting the roles of these genes in OSCC [77, 124, 125, 127, 128, 131-133, 136, 142, 154-

157]. Further analysis revealed genetic variants associated with specific pathways and 

molecular events involved in “cellular responses to stimuli”, “disease pathway”, “gene 

expression (transcription)”, “extracellular matrix organization”, “metabolism of proteins”, 

“signal transduction”, “neuronal system” and “cell-cell communication”. Many of these 

pathways were previously reported to be involved in OSCC-associated pathways including cell 

cycle regulation, DNA repair, and epigenetic modifications, the NOTCH signalling pathway, 

KEAP1-NFE2L2 pathway [15, 71, 115-126, 128-135]. 

 

A novel finding highlighting the heterogeneity and complex molecular mechanism of OSCC 

was the identification of three distinct groups based on mutation spectrum of our samples: 

cluster 1, cluster 2a and cluster 2b. These clusters were characterised by varying frequencies 

of TP53 alterations and the mutations per Mb sequenced. Cluster 1 tumours, which constituted 

most of the samples in our cohort, had TP53 mutations and exhibited a relatively high somatic 

mutation rate per Mb. In contrast, cluster 2 lacked TP53 mutations and was more prevalent 

among black female patients. Further, in WES analyses, cluster 2 could be further divided into 

subclusters 2a and 2b. Cluster 2a displayed a high mutation rate per Mb, whereas cluster 2b 

displayed fewer genomic alterations. This distribution of high and low mutation rates has been 

reported in Malawian OSCC patients and African American OSCC populations [22, 132, 137, 

297]. Comparative analysis of mutation rates between our cluster 2a and cluster 2b and 

previously identified OSCC subgroups showed that our cluster 2b resembled the Malawian 

subtype 1b [22] as well as the Subtype 3 (OSCC3) among African Americans [132]. These 

subgroups are characterized by a lower prevalence of TP53 mutations and fewer genomic 

alterations with the lowest somatic mutations per Mb [22, 132, 297]. This underscores the 

diverse molecular profiles within OSCC, influenced by genetic factors and probably 

environmental factors, highlighting the complex nature of this disease. 

 

By integrating the mutation signatures generated from WES and WGS, we identified distinct 

signature profiles in OSCC and their correlation with patient demographic variables, 

behavioural or lifestyle factors as well as their mutation profiles. Importantly, among the seven 

mutation signatures identified, clock-like signature (SBS1 and SBS5) and APOBEC-mediated 
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mutation signatures (SBS2 and SBS13) significantly contributed to the mutation burden in our 

cohort, consistent with previous OSCC studies [22, 77, 123-125, 128, 131, 135, 136, 138, 139, 

142, 238-240]. This suggests the diverse mechanisms contributing to mutagenesis, with aging 

and APOBEC activation playing crucial roles in OSCC tumour development. In addition, our 

cohort revealed the enrichment of SBS6, SBS10b and SBS15 mutation signatures, suggesting 

a potential association between defects in DNA repair pathways and OSCC [146], highlighting 

the roles of defects DNA repair mechanisms in OSCC development. WGS analysis revealed 

three novel mutational signatures that had not been previously identified. Interestingly, these 

signatures were not observed in the samples analysed by WES, even though the WES cohort 

included a larger sample size. The significance of these novel mutational signatures remains 

unclear and may warrant further investigation. 

 

Evaluation of p16INK4a and p14ARF mRNA levels in OSCC tumour samples compared to 

their adjacent normal tissues showed variable expression patterns of these genes. p16INK4a 

and p14ARF mRNA levels were significantly lower in 61% and 48% of tumour samples, 

respectively, while elevated levels of these genes were found in 16% and 25% of tumours, 

respectively. Similarly, p14ARF and p16INK4a mRNA levels in OSCC cell lines showed 

variable expression patterns of p14ARF and p16INK4a. p16INK4a mRNA levels were 

significantly lower in all OSCC cell lines except KYSE30 cells when compared to the control 

EPC2 cell line. On the other hand, p14ARF mRNA levels were significantly lower in five 

OSCC cell lines. Knocking down p14ARF and p16INK4a in KYSE30 cells revealed that 

reduced mRNA levels of these genes contribute to dysregulation of multiple cancer signalling 

pathways. This dysregulation included altered expression of cell cycle regulators, notably the 

upregulation of MDM2 mRNA levels, and anti-apoptotic genes BCL2 (only in p16INK4a 

knockdown) and BCL-XL mRNA levels. The upregulation of MDM2 may promote cell cycle 

progression and hinder G1 cell cycle arrest mediated by p53. Moreover, the observed 

upregulation of anti-apoptotic genes and NFE2L2 mRNA levels in p14ARF and p16INK4a 

mRNA-depleted cells may contribute to cell survival, and growth of apoptosis-resistant and 

stress-resistant cells, all of which are pivotal events in tumorigenesis. In-sillico analyses of 

several p16INK4a missense mutations have revealed significant structural alterations with 

potential functional implications. Mutations introducing larger, more hydrophobic side chain 

(such as p.A68V and p.D108Y) disrupts electrostatic interactions, potentially compromising 

protein folding and stability by increasing molecular contacts. On the other hand, mutations 

introducing uncharged residues (D84N, p.D108N, and L130P) alter electrostatic interactions 
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and reduce contacts within the protein, which could contribute to decreased stability of the 

protein. Previous studies have shown that structural changes in p16INK4a resulting from 

mutations like D84H have led to decreased or even undetectable p16INK4a activity [400], 

potentially disrupting the regulation of the cell cycle, increasing susceptibility to oncogenic 

stimuli, and promoting tumour progression [169, 401].  

 

In summary, our study presents the first integrated analysis combining genome and exome 

sequencing to explore the mutational landscape of OSCC in a South African cohort. We 

identified key driver genes, mutation signatures, and OSCC subtypes are associated with OSCC 

development in this population. We observed genomic alterations that align with findings from 

diverse populations, including those from Malawi, African Americans, Brazilians, and Asians. 

Furthermore, our study highlights both similarities and potentially distinct genetic 

characteristics unique to South African and Sub-Saharan African populations. Our integrated 

study deepened our understanding of the molecular alterations and provides crucial insights 

into the molecular mechanisms driving OSCC pathogenesis within the South African 

population. 

 

5.2 Study limitations and future work 

Despite the smaller sample size analysed by WGS (n=31) compared to WES (n=67), the data 

quality from WGS was high and showed strong alignment with the WES results. One of the 

major limitations of the study was the relatively small sample size available for the Kaplan-

Meier analysis. Furthermore, gene expression analysis was conducted solely at the mRNA 

level, without corresponding analysis at the protein level. While mRNA levels provide valuable 

insights into gene expression patterns and potential dysregulation, protein expression levels 

can further validate these findings and provide a more direct link to functional activity.  

 

Going forward, larger and more diverse patient cohorts are needed to improve the reliability 

and generalizability of findings regarding genetic alterations, gene expression patterns, and 

their correlations with clinical outcomes in OSCC. Furthermore, specific mutations identified 

in candidate driver genes such as p16INK4a should be prioritized for validation through 

functional studies, including approaches such as genome editing with CRISPR-Cas9, to 

elucidate their roles in OSCC development. 
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In summary, while the present study provides valuable insights, addressing these limitations 

will enhance our understanding of OSCC pathogenesis and pave the way for more targeted 

therapeutic strategies in the future. 
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Chapter 6  

Materials and Methods 
 

6.1 Materials 

6.1.1 Sample collection  

6.1.1.1 Sample cohort 

A total of 177 OSCC patients were enrolled in this study. Samples from patients diagnosed 

with OSCC were obtained from two hospitals (Groote Schuur Hospital in Cape Town, Western 

Cape and Charlotte Maxeke Hospital in Johannesburg, Gauteng, South Africa). Written 

informed consent was obtained from all patients before recruitment into the study. Ethics 

approval was obtained from the University of Cape Town/Groote Schuur Hospital Human 

Research Ethics Committee (Cape Town, South Africa; approval number: HEC040/2005). 

Biopsies from oesophageal tumour tissue and adjacent normal tissues (10 cm from tumour site) 

and blood samples from 177 patients by a research nurse. Samples were transported back to 

the laboratories at the University of Cape Town (UCT) and the University of the Witwatersrand 

(Charlotte Maxeke) for processing and storage. Epidemiological data for each individual were 

collected, which included gender, age at diagnosis, ethnicity, smoking status and alcohol 

consumption. The inclusion criteria of eligible patients were as follows: 1. Histologically 

confirmed OSSC, 2. Participants did not receive any of cancer treatment before surgery, 3. 

Written informed consent and ability to understand the nature of the study. Patients meeting 

any of the following criteria are not eligible for this study (exclusion criteria): 1. Patients who 

had received any form of radio or chemotherapy, 2. Patients who were too ill to go through the 

procedure. 3. Patients with histologically confirmed forms of cancer other than OSCC.  

 

6.1.1.2 DNA and RNA extraction and processing 

DNA and RNA was extracted as described in section 6.2.1.2- 6.2.1.4 and subjected to whole 

genome sequencing or whole exome sequencing at the Wellcome Sanger Institute in 

Cambridge in the United Kingdom. The whole genome sequencing was performed on DNA 

from 31 pairs of OSCC tumours and their matched blood samples as indicated in Table 6.1. 

The cohort included 20 cases from Groote Schuur Hospital and 11 cases from Charlotte 

Maxeke Johannesburg Academic Hospital. The WGS cohort comprised 13 men and 18 

females. The mean age of the patients was 58 years, ranging from 37 to 81 years. For smoking 

status, 10 cases were smokers, 5 cases were ex-smokers, 16 cases were non-smokers. Except 
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for 12 patients with unknown alcohol consumption histories, 13 patients had a history of regular 

alcohol consumption, while 6 patients had no history of alcohol consumption. There were 29 

black patients and 2 mixed ancestry patients. Black subjects were mainly Xhosa or Zulu 

speakers from the Western Cape province of South Africa who migrated from the Eastern Cape 

over the past 1–2 generations (cases from GSH) or from KwaZulu-Natal province of South 

Africa (cases from Charlotte Maxeke), respectively. The mixed ancestry subjects were from 

the Western Cape.  

 

Table 6.1 A summary of the study samples analysed using WGS. 

 
This table provides a concise summary of the demographic and clinical characteristics of the cohort analysed 

using WGS for OSCC tumours. It includes details on sample size, site of collection, gender distribution, age, 

smoking and alcohol consumption histories, and race distribution among the patients studied. 

UCT – University of Cape Town, WITS - University of the Witwatersrand, OSCC – oesophageal squamous 

cell carcinoma 
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The whole exome sequencing was performed on 67 pairs of OSCC tumours and matched blood 

samples (Table 6.2). The cohort included 29 cases from Groote Schuur Hospital cohort and 38 

cases from Charlotte Maxeke Johannesburg Academic Hospital cohort. The WES cohort 

comprised 39 men and 28 females. The mean age of the patients was 61 years, ranging between 

28 to 89 years. Except for 4 patients with unknown smoking histories, 24 cases were smokers, 

16 cases were ex-smokers, 23 cases were non-smokers. For alcohol consumption, 37 patients 

had a history of regular alcohol consumption (either drinking at time of diagnosis or in the 

past), 20 patients had no history of alcohol consumption and 10 patients with unknown history 

of alcohol consumption. There were 45 black patients, 1 white, 17 mixed ancestry, and 4 of 

unknown race.  

 

Table 6.2 A summary of the study samples analysed using WES. 

 
This table provides a concise summary of the demographic and clinical characteristics of the cohort analysed 

using WES for OSCC tumours. It includes details on sample size, site of collection, gender distribution, age, 

smoking and alcohol consumption histories, and race distribution among the patients studied. 

UCT – University of Cape Town, WITS - University of the Witwatersrand, OSCC – oesophageal squamous 

cell carcinoma 
 

To investigate the relationship between gene expression and survival outcome in chapter 3, we 

evaluated 79 OSCC tumour-normal pairs, distinct from those analysed using WGS and WES. 

The cohort comprised 36 females and 43 males, with a median age of 59, ranging between 28–
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82 years. For smoking status, 35 patients smoked in the past and 25 patients were smokers at 

the time of diagnosis and 19 patients were non-smokers. All tumours were histologically 

confirmed as OSCC, of these, 10 tumours were poorly differentiated, 54 were moderately 

differentiated, 6 were well-differentiated and in 9 cases the differentiation status was unknown. 

There were 47 black patients and 32 mixed ancestries. All patients were followed until either 

death or the last follow-up date. During the follow-up period, 46 patients were reported to have 

passed on, while 10 patients were alive, and 23 patients failed to follow up on their last follow 

up (Table 6.3). 

 

Table 6.3 A summary of the study samples for gene expression and Kaplan Meier curve 

analysis. 

 
This table provides a comprehensive overview of the demographic characteristics, clinical features, and 

follow-up outcomes of the study cohort used for gene expression analysis and Kaplan Meier curve analysis 

in the context of OSCC. It includes details on sample size, gender distribution, age range, smoking status, 

histological differentiation, ethnicity, follow-up outcomes.UCT – University of Cape Town, LTF – lost to 

follow up, OSCC – oesophageal squamous cell carcinoma 

 

6.1.1.3 Ethics and consent 

Ethical approval for the project was obtained from the UCT/Groote Schuur Hospital Human 

Research Ethics Committee (Ethics number: 040/2005). 
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6.2 Methods 

6.2.1 Genomic DNA and RNA extraction 

6.2.1.1 Patient blood processing 

Blood samples collected in EDTA tubes were stored under different conditions: at 4°C for a 

few days, or at -20°C or -80°C for a few weeks, before genomic DNA extraction. Upon 

collection, blood was collected in EDTA tubes and centrifuged at 2000xg for 10 minutes to 

separate the blood into three layers. The upper clear-to-pale-yellow plasma layer was aspirated 

using a disposable transfer pipette, and stored in 1.5 ml aliquots at -80°C. The middle grey-

white buffy coat interphase layer was removed using a transfer pipette and transferred to a 1.5 

ml cryovial for storage, also at -80°C. Finally, the dark red bottom layer was removed and 

aliquoted into 3-4 cryotubes for storage at -80°C. 

 

6.2.1.2 DNA extraction from blood samples 

Genomic DNA was extracted as previously described [414]. Briefly, the buffy coat interphase 

layer samples were defrosted at room temperature and transferred to a sterile polypropylene 50 

ml tube and diluted with 2 volumes of 1x phosphate buffered saline (PBS), and centrifuged at 

3000xg for 15 min. The supernatant was decanted, and the pellet suspended in 25 ml of Sucrose 

Triton X-100 Lysing Buffer and vortexed to mix thoroughly. Tubes were then placed on ice 

for 5 minutes, followed by centrifugation for 5 minutes at 3000xg and the decanted. The pellet 

was resuspended in 3 ml of T20E5 solution (20 mM Tris-HCl, 5 mM EDTA), 300μl of 10% 

Sodium dodecyl sulphate (SDS) and 75 μl of 10 mg/ml proteinase K and incubated at 45°C 

overnight. The following day, 1 ml of saturated NaCl was added, mixed vigorously for 15 

seconds and the samples centrifuged for 40 min at 3200xg. The supernatant containing the 

DNA was transferred to a clean tube and 2 volumes of absolute ethanol was added to pellet the 

DNA. The tube was agitated gently and centrifuged for 30 minutes at 3000xg at 4°C to 

precipitate the DNA. The pellet was washed in 1 ml of 70% ice-cold ethanol, tubes were 

centrifuged at 7000xg for 5 min and pellets (DNA) were dissolved in 400 μl of 1X Tris-EDTA 

buffer by shaking overnight at 4°C. The following day the samples were vortexed gently and 

incubated at 60°C for a further 10 minutes to ensure the complete dissolution of the DNA. 

DNA was then quantitated on a NanoDrop 2000/2000c Spectrophotometer (Thermo Scientific, 

IL, USA) and the samples stored at –20°C until needed.  
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6.2.1.3 DNA extraction from tissue biopsies 

Tissue biopsies collected from patients were stored at -80°C until ready for DNA extraction. 

Purification of DNA was performed using the Qiagen AllPrep DNA/RNA/miRNA Universal 

Kit (Qiagen, 80224, Hilden, Germany) as described by the manufacturers. Tubes containing 

frozen biopsy samples were thawed on ice, biopsies were weighed, transferred to a sterile P2 

hood and dissected into several small pieces using a sharp surgical blade. A section was 

removed for haematoxylin and eosin staining. Tissue samples were disrupted and homogenised 

at room temperature with lysis buffer (Buffer RLT) containing β-mercaptoethanol in a tissue 

rupture probe at full speed until the tissue was uniformly homogenised. Lysates were then 

centrifuged at room temperature and the supernatant transferred to an AllPrep DNA spin 

column placed in a 2 ml collection tube and centrifuged at 20 000xg for 30 seconds. The flow-

through was set aside for RNA extraction (see section 6.2.1.4). A further 300 μl lysis buffer 

(Buffer RLT) was then added to the spin column followed by centrifugation. The spin column 

was placed in a clean 2ml collection tube, 350 μl of wash buffer 1 (Buffer AW1) was added 

and centrifuged at 20 000xg for 30 seconds to wash the membrane. The flow through was 

discarded. The DNA spin column was transferred to a new 2 ml collection tube and 80 μl of 

Proteinase-K/Buffer wash buffer 1 (Buffer AW1) mix was added and the tube incubated for 5 

minutes at room temperature. The spin column was then centrifuged with wash buffer 2 (Buffer 

AW2) at 20 000xg for 30 seconds and transferred to a clean 2ml collection tube followed by 

the addition of 500 μl wash buffer 2 and centrifuged for 2 minutes. Flow through was discarded. 

Finally, the DNA spin column was placed in a new 1.5 ml microfuge tube and 100 μl of elution 

buffer (Buffer EB) was added directly onto the centre of the spin column membrane. The 

column was incubated at room temperature for 1 minute and centrifuged at 8000xg for 1 minute 

to elute the DNA. This step was repeated with a further 50-100 μl elution buffer. DNA yield 

was calculated 260nm using a NanoDrop2000 spectrophotometer, and samples were stored at 

-20°C until further use. 

 

6.2.1.4 RNA extraction from tissue biopsies 

The flow-through obtained from the initial steps in section 2.2.1.3 was used for RNA extraction 

according to manufacturer’s instructions (Qiagen AllPrep DNA/RNA/miRNA Universal Kit). 

50 - 80 μl Proteinase K was added (depending on the lysate volume) to the flow-through 

together with 200 - 350 μl of 100% ethanol and mixed well. Samples were incubated at room 

temperature for 10 minutes followed by the addition of 400 – 750 μl of 100% ethanol and 
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mixed well. Up to 700 μl of the sample, including any precipitate that may have formed, was 

then transferred to a RNeasy® spin column placed in a 2 ml collection tube (supplied with kit) 

and centrifuged at 20 000xg for 15 seconds. This step was repeated until the all the lysate was 

used. 500 μl of wash buffer (Buffer RPE) was added to the spin column and centrifuged at 20 

000xg for 15 seconds. 10 μl DNase 1X stock solution was added to 70 μl of digestion buffer 

(Buffer RDD) and mixed gently by inverting the tube, 80 μl of the mix was added directly to 

the spin column membrane and incubated at room temperature for 15 minutes. 500 μl RNA 

buffer (Buffer FRN) was added to the spin column and centrifuged at 20 000xg for 15 seconds 

and the flow through was set aside. The spin column was placed in a new 2 ml collection tube 

and the flow-through reapplied to the column and centrifuged for 15 seconds at 20 000xg. 500 

μl wash buffer (Buffer RPE) was added to the RNeasy spin column and centrifuged for 15 

seconds followed by the addition of 500 μl 100% ethanol to the spin column and re-centrifuged 

for 2 minutes at 20 000xg. The spin column was then placed in a new 1.5 ml collection tube 

and 30-50 μl of RNAase free water was added directly to the spin column membrane. The 

sample was centrifuged for 1 minute at 8000xg to elute the RNA. This step was repeated to 

elute further RNA by reapplying the eluate to the column. RNA yield was calculated at 260nm 

using a NanoDrop 2000 spectrophotometer, and samples were stored at -20°C until use. 

 

6.2.1.5 Preparation of agarose gels for electrophoresis 

1% Agarose gels were prepared by adding 5g agarose powder (SeaKem®, Lonza, Rockland, 

ME, USA) in 500 ml 1X TBE (Tris-Borate-EDTA) and the solution was dissolved by heating 

in a microwave oven for 5-10 min and cooled down to 40-50°C before pouring into the gel 

tank and inserting the combs after it had cooled to room temperature. 1X TBE electrophoresis 

buffer was added to the tank.  

 

6.2.1.6 DNA integrity and quantification 

50 ng of DNA was electrophoresed on a 1% agarose gel (SeaKem®, Lonza, Rockland, ME, 

USA) together with 1 μl Novel Juice (Bio-Helix, Taipei, Taiwan) detection dye and ddH2O to 

make 6 μl. A gene-ladder was loaded into the gel (GeneRuler ™ 100bp Plus 40 DNA Ladder 

(ThermoFisher, Vilnius, Lithuania). Gels were immersed in 1X TBE buffer in a gel-

electrophoresis system (ADVANCE Mupid®-One 077388, Tokyo, Japan) and electrophoresed 

for 35 minutes at 100V. Gels were then examined under ultraviolet light using UVP 

BioSpectrum ImagingSystem (UVP, USA). 
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6.2.1.7 RNA integrity and quantification 

100 ng of RNA was electrophoresed on a 1% agarose gel (SeaKem®, Lonza, Rockland, ME, 

USA) with 5µl Formaldehyde loading dye (160µl 10X MOPS-EDTA buffer, 100µl sterile 

ddH2O, 100µl ethidium bromide, 160µl sterile glycerol and 160µl saturated bromophenol blue 

in ddH2O) and ddH2O to make 10 μl. Prior electrophoresis, sample was heated at 60°C for 10 

min and cooled at room temperature. Gels were immersed in 1X TBE buffer (Tris-Borate-

EDTA) containing 0.5 μg of Ethidium Bromide (EthBr)/ ml of gel solution from stock solution 

(10 mg/ml) and electrophoresed for 90 minutes at 100V. Gels were examined under ultraviolet 

light using UVP BioSpectrum ImagingSystem (UVP, USA) to visualise the RNA. A good RNA 

sample should have sharp, clear 28S and 18S rRNA bands and the 28S rRNA band should be 

approximately twice as intense as the 18S rRNA band. 

 

6.2.2 DNA Sequencing and data analysis 

6.2.2.1 Whole genome sequencing and Whole exome sequencing 

Thirty-one DNA samples and sixty-seven RNA samples isolated from paired tumour biopsies 

and blood samples were subjected to WGS and WES, respectively. The library preparation, 

capture, and sequencing were performed at the Wellcome Sanger Institute in Cambridge, UK. 

Samples were genotyped for single nucleotide polymorphisms (SNP) using a Fluidigm chip 

array to confirm that the tumour and normal samples were matched. Samples were sequenced 

on an Illumina HiseqX10 using 150 bp paired end reads to a depth 40x coverage for WGS and 

92× for WES. Raw pair-end sequencing reads were aligned with Burrows-Wheeler Aligner 

(BWA) [415] to the Genome Reference Consortium Human Build 38 (GRCh38, also known 

as hg38) or Genome Reference Consortium Human Build 37 (GRCh37, also known as hg19) 

for WGS or WES, respectively. Somatic single base somatic substitutions were called using 

CaVEMan (https://github.com/cancerit/CaVEMan), an expectation maximisation–based 

somatic substitution detection algorithm [288]. CaVEMan compares sequencing reads from 

tumour and matched normal samples and uses a naive Bayesian model and expectation-

maximization approach to calculate the probability of a somatic variant at each base 

(https://github.com/cancerit/CaVEMan). Small insertion and deletion (indel) detection was 

performed using the cgp-pindel pipeline https://github.com/genome/pindel) [289]. After 

calling the full set of variants, off-target variants and false positive variants were filtered with 

a set of standard CaVEMan filters (Table 6.4). Post-processing filters required that the 

following criteria were met to call a somatic substitution: 

https://github.com/cancerit/CaVEMan
https://github.com/genome/pindel
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Table 6.4 Summary of CaVEMan filters for variant calling and filtering criteria. 

 
A summary of the variant calling and filtering criteria applied after calling the full set of variants. Off-target 

and false positive variants were filtered using standard CaVEMan filters. Post-processing filters were 

subsequently applied to call somatic substitutions, ensuring rigorous criteria were met. These criteria include 

thresholds related to base quality, read coverage, allele presence in matched normal samples, read 

directionality, motif presence, mapping quality, region specificity (such as simple repeats, centromeric 

regions, high-depth regions, and germline insertions/deletions), and comparison with unmatched normal 

samples. 

 

6.2.2.2 Mutation signatures analysis 

Single nucleotide variants (SNVs) in all tumours were annotated based on the 96 possible 

trinucleotide context substitutions, encompassing 6 types of substitutions multiplied by 4 

possible flanking 5′ bases and 4 possible flanking 3′ bases. The contribution of mutation 

signatures (single base substitutions, SBS) was estimated using the R package 

MutationalPatterns [290], validated with deconstructSigs [291], and the hierarchical Dirichlet 

process (HDP) method [292]. VCF files served as input, and the mutations_from_vcf() function 

was employed to extract the base substitutions. To identify the optimal contribution of known 

signatures, mutation signature profiles specific to human cancers (COSMIC v.2 and version 

3.3) as defined by Alexandrov et al., [230] were downloaded from the respective website. The 

similarity between the mutational profiles of our samples and the COSMIC signatures was 

calculated using the cos_sim_matrix() function and visualized using the plot_cosine_heatmap() 

function. 

 

6.2.2.3 Identification of significantly mutated genes 

Driver genes were selected using the dNdScv algorithm [149] (v0.0.1.0, 

https://github.com/im3sanger/dndscv) implemented in the dNdScv R package, a suite of 

maximum-likelihood dN/dS methods designed to search for genes with significant recurrent 

mutations and quantify selection in cancer and somatic evolution. dNdScv estimates the ratio 

https://github.com/im3sanger/dndscv
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of non-synonymous to synonymous mutations across genes, controlling for the sequence 

composition of the gene and the mutation signatures, using trinucleotide context-dependent 

substitution matrices to avoid common mutation biases affecting dN/dS. Values of dN/dS 

significantly higher than 1 indicate an excess of nonsynonymous mutations in that particular 

gene and therefore imply positive selection, whereas dN/dS values significantly lower than 1 

suggest negative selection. For this analysis, genes with false discovery rate (FDR) q ≤ 0.05 

were declared to be significantly mutated. Using an FDR of q ≤ 0.05 ensures that the expected 

fraction of false positives in our analysis does not exceed 5%. This well-established statistical 

procedure allows one to increase statistical power to detect true positives, while controlling the 

proportion of false positives [293].  

 

6.2.2.4 Genomic data visualizations and interpretation 

The genomic data from both WGS and WES were summarized and plotted to illustrate the 

frequency of mutations in genes across cohorts. This visualization order emphasizes frequently 

mutated genes and depicts the distribution of mutations among the samples. These analyses 

were conducted using the Genomic Visualizations in R (GenVisR) package [295] in R software 

(https://github.com/griffithlab/GenVisR). The top 70 frequently mutated genes identified 

through WGS and WES are listed in Table 6.5. 

 

Table 6.5 Top 70 frequently mutated genes by WGS and WES. 

 
The top 70 frequently mutated genes identified through WGS and WES. These genes were prioritized based 

on their mutation frequency across the studied cohorts. WGS - Whole Genome Sequencing, WES - Whole 

Exome Sequencing. 

https://github.com/griffithlab/GenVisR
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6.2.2.5 Transitions and transversions rates analysis 

Transitions and transversions rates for both WGS and WES cohorts were analysed using 

Genomic Visualizations in R (GenVisR) package [295] of the R software 

(https://github.com/griffithlab/GenVisR). 

 

6.2.2.6 Pathway analysis 

The enrichment analysis was performed against the Reactome (human) pathway database 

webtool (version 86), (web link: https://reactome.org/PathwayBrowser/) [294]. UniProt 

identifiers for the top 70 frequently mutated genes (Table 6.5) were used for the mapping in 

this analysis. The Reactome database is curated by expert biologists and maintained by 

Reactome’s team of editors, ensuring high-quality data integration from various sources such 

as NCBI, Ensembl, UniProt, KEGG, ChEBI, PubMed, and GO. REAC analysis was performed 

as described previously [294, 416]. The analysis parameters were set as follows: The analysis 

parameters were set as follows: Homo sapiens (human) as the organism, with exclusion of 

interactors from the IntAct database to focus on manually curated and biologically significant 

pathways. Enriched biological pathways were identified based on statistical significance (p-

value < 0.05, FDR < 0.1). Pathways enriched from the gene list are represented in a colour 

scale (from olive to yellow) indicating the corrected probability (FDR). The top 25 sub-

pathways affected by these mutations were specifically noted in the analysis. 

 

6.2.2.7 Validation of bioinformatics data by PCR product sequencing 

Validation studies were performed to determine precision, accuracy, sensitivity, specificity, 

and limit of detection of the bioinformatics data by using PCR product sequencing. Samples 

with known mutations in CDKN2A, NFE2L2, PIK3CA, ERCC6, TOPBP1 and C20orf196 

found by WGS were PCR amplified using Taq DNA polymerase with 50 ng of genomic DNA 

as template. PCR samples and gel band extracts were subjected to Sanger sequencing to verify 

the selected mutations identified from the WES data. The primers are listed in Table 6.6. 

 

 

 

 

 

 

https://reactome.org/PathwayBrowser/
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Table 6.6 Mutation validation and mutation screening primers. 

 

 

6.2.3 Cell Culture 

6.2.3.1 Cell lines 

Seven OSCC cell lines were used in this study including WHCO1, WHCO5 and WHCO6 cells 

originally established from South African patient biopsy samples of oesophageal squamous 

cell carcinoma [417]. KYSE30, KYSE150, KYSE180 and KYSE450 cell lines were Japanese 

derived. These cell lines were obtained from the American Type Culture Collection (ATCC). 

The non-cancerous oesophageal cell line EPC2 a telomerase immortalised epithelial cell line 

was used as a control cell line. EPC2 cells was a kind gift from Dr. Anil Rustgi (University of 

Pennsylvania, Philadelphia, PA, USA) [418]. 

 

6.2.3.2 Cell culture and maintenance 

All cell lines were cultured in a humidified environment containing 5% CO2 at 37˚C. OSCC 

cell lines were maintained in Dulbecco’s modified Eagle’s medium (DMEM) supplemented 

with 10% foetal bovine serum (FBS) and 1% of penicillin (100 U/ ml) and streptomycin 

(100 μg/ ml) (complete medium). The non-cancerous EPC2 cell line was maintained in 

Keratinocyte Serum-Free Median (KSFM) supplemented with 50 μg/ml Bovine Pituitary 

Extract (BPE), 1 ng/ml Epidermal Growth Factor (EGF) and 1% penicillin-streptomycin. The 

medium was replaced every 2 to 3 days by aspirating the used medium and washing the cells 
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with 10ml of pre-warmed 1X Phosphate Buffered Saline (PBS) and adding fresh complete 

medium. Cells were sub-cultured every 4 to 5 days or when 80% confluent by discarding the 

used medium and washing the cells with 1X PBS. Cells were trypsinized with 0.05% trypsin-

EDTA for 2-3 minutes at 37°C and once they had detached, the trypsin-EDTA was inactivated 

by adding an equal volume of complete medium. Cells were pelleted by centrifugation at 4000 

rpm for 3 minutes, re-suspended in 3 ml of complete medium and 1 ml aliquots were re-plated 

in fresh plates.  

 

6.2.3.3 Freezing and thawing cells 

Frozen cells were collected from long-term storage in liquid nitrogen and thawed in a 37°C 

water bath. The vials were wiped with 70% ethanol, cells were transferred to 12 ml Falcon 

tubes, containing 5 ml of fresh growth media and centrifuged at 4000 rpm for 3 minutes. The 

supernatant was aspirated, and the cell pellet were then resuspended in fresh complete medium 

and plated in a 100 mm dish containing 10ml of complete medium. For long term storage, cells 

were resuspended in freezing down media (70% DMEM, 20 % FBS and 10% DMSO) (v/v) by 

gentle pipetting action. The cells were aliquoted into 2 ml cryotubes and stored at -80°C for 48 

hours before being transferred to liquid nitrogen. 

 

6.2.3.4 DNA extraction from cell lines 

Extraction of genomic DNA from cell lines was performed as described by Strauss (1998) 

[419]. Cells were harvested by trypsinisation and pelleted by centrifugation, as previously 

described [419]. The cell pellets were resuspended and washed in 10 ml of ice-cold 1X PBS. 

After centrifugation, the supernatant was discarded. The pellets were resuspended in 600 μl of 

digestion buffer (100 mM NaCl, 10 mM Tris pH8, 25 mM Na2EDTA pH8, 0.5% SDS and 0.1 

mg/ml Proteinase K). Samples were incubated overnight in a shaking water bath at 50°C. The 

following day, an equal volume (600 μl) of phenol:chloroform:isoamylalcohol (25:24:1) was 

added and contents transferred to 2 ml microcentrifuge tubes. The tubes were vortexed to mix 

the contents thoroughly and centrifuged at 14 000 rpm for 10 minutes at 4°C to separate the 

phases. The clear upper aqueous phase was transferred to a clean 1.5 ml microcentrifuge tube 

and one-half volume of 7.5 M ammonium acetate (pH5.5) and two volumes of ice-cold 100% 

ethanol was added. DNA was pelleted by centrifugation at 14 000 rpm for 30 minutes. The 

pellet was washed with 1 ml of 70% ethanol, vortexed gently and centrifuged at 14 000 rpm 

for 10 minutes. The supernatant was removed, the DNA pellets airdried for 60 minutes at room 

temperature and resuspended in 50-100 μl TE-buffer. The DNA yield was measured using the 

NanoDrop 2000 spectrophotometer. DNA was stored at -80°C until used. 
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6.2.3.5 RNA extraction from cell cell lines 

RNA was extracted from cells using QIAzol Lysis Reagent (QIAGEN, Hilden, Germany). The 

medium was aspirated, and cells were washed with cold 1X PBS. Appropriate volume of 

QIAzol relative to the size of the plate was added onto the cells (1 ml for 10 cm plates and 0.5 

ml for 6-well plates). The cells were lysed by scrapping them off the plate using a cell scrapper 

and transferred to 1.5 ml Eppendorf tubes. The homogenized samples were incubated for 5 

minutes at room temperature. 200 μl of chloroform was added, followed by vigorous shaking 

for 15 seconds to mix well and incubated for 3 minutes at room temperature. The samples were 

centrifuged at 14000 rpm for 15 minutes at 4°C. The upper aqueous layer was transferred to a 

fresh labelled tube and 0.5 ml of isopropanol was added, mixed thoroughly by shaking (do not 

vortex) for 15 seconds and incubated at room temperature for 10 minutes. The samples were 

then centrifuged at 14000rpm for 20 minutes at 4°C to pellet the RNA. The supernatant was 

carefully removed, 1ml 75% DEPC-ethanol was added and vortexed on low for 5-10 seconds 

to wash the pellet thoroughly, centrifuged at 12000 rpm for 5 minutes at 4°C to re-pellet the 

RNA. The supernatant was carefully removed, the pellet was air dried at room temperature for 

10 minutes and dissolved in 20- 30 μl DEPC treated-water by gentle pipetting and incubated at 

55°C for 5 minutes. RNA was quantitated on a NanoDrop 2000/2000c Spectrophotometer 

(Thermo Scientific, IL, USA) and stored at -80°C until used. 

 

6.2.4 Primer design 

Specific primer pairs for the selected genes to be validated were designed using the Primer3 

algorithm (version 4.1.0) [420], one of the most widely used primer designing tools. Primer 

sequences were checked for the presence of possible secondary structure or possible duplexes 

with hairpins, self-dimers and heterodimers, formation using OligoAnalyzer tool [421]. The 

resulting amplicons were checked for sequence similarity throughout the human genome using 

the Primer-BLAST tool [422]. 

 

6.2.5 Polymerase chain reaction (PCR) protocol 

PCR reactions were prepared under sterile conditions on ice in 25 μl volumes as per either 

Table 6.7 or Table 6.8. Thermocycling was carried out using an Applied Biosystems 

SimpliAmp Thermo cycler machine (Applied Biosystems by Thermo Fisher Scientific, 

Singapore). The standard thermocycling protocol conditions are listed in Table 6.9. 

Magnesium, primer concentration and DNA concentration titrations or the addition of 
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enhancers such as DMSO and a combination of Tris, KCl and Gelatine were all tested to 

optimise PCR conditions. Primers and annealing temperatures are shown in Table 6.6. 

 

Table 6.7 PCR master mix for other genes other than CDKN2A. 

 

 

Table 6.8 PCR master mix for CDKN2A. 
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Table 6.9 Standard PCR thermocycling conditions. 

 
X – Annealing temperature (°C) for each primer set as specified in table 6.6. 

 

6.2.6 Post-PCR DNA sequencing 

PCR products were electrophoresed on 1% Agarose gel to confirm the product size. PCR 

samples including those from the gel slices were subjected to bi-directional Sanger sequencing. 

Chromatograms were analysed using Chromas v2.6.6 (available at 

http://technelysium.com.au/wp/chromas/) a free trace viewer for simple DNA sequencing 

projects. 

 

6.2.7 Extraction of gel bands from 1% agarose gel  

Following PCR amplification, 5 μl PCR product was electrophoresed on a 1% agarose gel 

(SeaKem®, Lonza, Rockland, ME, USA) together with 2.5 μl Novel Juice (Bio-Helix, Taipei, 

Taiwan) detection dye. Gels were immersed in 1XTBE buffer in a gel-electrophoresis system 

(ADVANCE Mupid®-One 077388, Tokyo, Japan) and electrophoresed for 120 minutes at 

100V and visualised under UV light. Target DNA bands were excised from the gel using a 

sterile surgical blade and placed into sterile microcentrifuge tubes. 

 

6.2.8 cDNA synthesis and Real-Time quantitative PCR (RT-qPCR) analysis 

6.2.8.1 cDNA synthesis 

Conversion of mRNA to cDNA was performed using the ImProm-II™ Reverse Transcription 

System (Promega, WI, USA), following manufacturer’s instructions. Briefly, 0.1μg-1μg 

template mRNA, 1 μl oligo dT or random primer and dH2O up to 9 μl were added together. 

This mixture was heated for 10 minutes at 70 ˚C to denature any secondary structure in the 

RNA followed by annealing to the oligo dT primers. The mixture was chilled on ice for 5 

minutes. 

 



 
 

192 

For each sample, 16 μl of the second master mix (see Table 6.10) was added to the first master 

mix (above) and incubated for 2 hours at 42°C, followed by 10 minutes at 70°C to inactivate 

the reverse transcriptase. The cDNA was stored at 4°C until needed. 

 

Table 6.10 cDNA synthesis master mix 2. 

 

 

6.2.8.2  RT-qPCR analysis 

Quantitative real-time PCR was performed on a Roche Lightcycler 480 II (96- or 384-well 

plates), Roche, or QuantStudio 3 Real time PCR instrument (96-well 0.2ml block), 

(ThermoFisher Scientific, Waltham, Massachusetts, United States). To a mixture of SYBR 

Green PCR Master Mix (KAPA SYBR Fast qPCR Kit, KAPA Biosystems), 10 uM of forward 

and reverse primers, and 1 μl of cDNA was added, in a total volume of 12.5 μl (Table 6.11) for 

other genes. For p14ARF and p16INK4a, 5% of DMSO was added in the master mix (Table 

6.12). GAPDH was used as an internal control. Primers and melting temperatures are shown in 

Table 6.13. 

 

Table 6.11 RT-qPCR mixture set up for each gene other than p14ARF and p16INK4a. 
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Table 6.12 RT-qPCR mixture set up for p14ARF and p16INK4a. 
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Table 6.13 qPCR primers. 
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6.2.8.3 Analysis of RT-qPCR data 

Real Time PCR data were analysed using the comparative 2-ΔΔCT method for relative 

quantification. Results of the real-time RT-qPCR data are presented as CT values, where CT 

is defined as the threshold PCR cycle number at which an amplified product is first detected. 

The average CT was calculated for each gene evaluated and GAPDH, and the ΔCT was 

determined as the mean of the triplicate CT values for the evaluated gene minus the mean of 

the triplicate CT values for GAPDH. The ΔΔCT represents the difference between the paired 

tissue samples, as calculated by the formula ΔΔCT = (ΔCT of tumour - ΔCT of normal). The 

N-fold differential expression of the evaluated gene for a tumour sample compared with its 

normal adjacent tissue was expressed as 2- ΔΔCT, which represents the fold change in the target 

gene expression in tumour normalized to an internal control gene (GAPDH) and relative to the 

normal control.  

 

6.2.9 siRNA transfection assay 

For the inhibition of gene expression, siRNA targeting either p14ARF or p16INK4a was 

designed from either exon 1 or exon 1, respectively (Table 6.14). Short interfering RNAs 

(siRNAs) were purchased from Merck Life Science (Merck Life Science (Pty) Ltd, 

Modderfontein, Johannesburg, South Africa). Lipofectamine® RNAiMAX transfection 

reagent (ThermoFisher Scientific, Waltham, Massachusetts, United States) was used in the 

transient transfection assays. KYSE30 cells were transfected according to the manufacturer 

protocol. Briefly, cells in DMEM containing 10% FBS without antibiotics were seeded to 50-

60% confluence at transfection in 6-well plates. 12 μl (120 pmol) of 10 μM siRNA were diluted 

in 150 μl in DMEM containing 10% FBS and was dissolved in transfection diluent (12 μl of 

Lipofectamine® RNAiMAX reagent in 150 μl in DMEM containing 10% FBS). The diluted 

siRNA was added to diluted Lipofectamine® RNAiMAX Reagent (1:1 ratio) and incubated 

for 5 minutes at room temperature. The siRNA-lipid complex was added to cells and incubated 

for 48 hours in a humidified environment containing 5% CO2 at 37˚C. RNA extracts were 

harvested 48 hours post-transfection (as described in Section 6.2.3.5), and the downstream 

effects of cellular gene expression were examined by RT-qPCR (as described in Section 6.2.8).  
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Table 6.14 p14ARF and p16INK4a siRNA sequences. 

 

 

6.2.10 Identifying the most deleterious missense variants 

We used three distinct bioinformatics tools namely, PolyPhen-2 (Polymorphism Phenotyping 

v2) (http://genetics.bwh.harvard.edu/pph2/index.shtml) [405], I-Mutant v2.0 

(https://folding.biofold.org/cgi-bin/i-mutant2.0.cgi) [408] and SIFT (Sorting Intolerant From 

Tolerant) (https://sift.bii.a-star.edu.sg) [409, 423] to predict the functional effects of the 

missense variants in p14ARF and p16INK4a proteins. AlphaFold2 [424] together with 

ColabFold [397] were used to predict the three-dimensional (3D) structures of p16INK4a 

protein for both wild-type and mutant 3D structures. The Chimera tool [399] was used for 

protein interactive visualization 

 

6.2.11 Overall survival analysis by Kaplan-Meier 

Prognostic analysis of differential expressed genes Kaplan–Meier survival analysis was 

employed to analyse the association between differential expressed genes and overall survival.  

The difference was compared by the Log-rank method. Samples without last day of follow up 

were not included in the Kaplan–Meier survival analysis. Kaplan–Meier survival analysis was 

carried out with the or Prism10 (GraphPad) software. P-value <0.05 was considered to be 

statistically significant. 

 

6.2.12  Experimental statistical analyses 

Statistical analyses were performed using GraphPad Prism 3.0 (GraphPad Software 

Incorporated, San Diego, CA, USA). The unpaired Student’s t-test was performed to identify 

significant differences amongst studied genes’ mRNA levels in the tumours and their paired 

normal tissues or the relationships between the levels of studied genes in untreated KYSE30 

cells and p16ARF and p16INK4a knockdown KYS30 cells. Data are presented as mean ± SD. 

Statistical significance was computed with the test indicated in each figure legend. Statistical 

significance was assessed at *p < 0.05, **p < 0.01, ***p <0.001, ****p < 0.0001. 

https://folding.biofold.org/cgi-bin/i-mutant2.0.cgi
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6.2.13 Preparation of buffers and reagents 

All bottles and beakers were autoclaved beforehand. Distilled, autoclaved H2O was used in all 

preparations. 

 

6.2.13.1 Tissue culture solutions 

Dulbecco's Modified Eagle Medium (DMEM) Culture Medium (pH 7.4) 

DMEM powder was dissolved in 800ml distilled water and brought to pH 7.2 using NaHCO3. 

The solution was filtered using a TPP “rapid” 500 0.2 μm polyethersulfone (PES) filter top in 

a sterile tissue culture hood. Bottles of filtered medium were incubated at 37°C for 2-3 days to 

check for bacterial contamination. 

 

13.5 g (1pack) of DMEM powder 

3.7 g Sodium Hydrogen Carbonate (NaHCO3) 

Add ddH2O to a final volume of 1000 ml 

Adjust pH to 7.4 using concentrated HCl or NaOH.  

Incubate at 37C for 2-3 days. 

Store at 4C 

 

Penicillin/Streptomycin (1000 UI) 

6.04 g Penicillin 

13.16 g Streptomycin 

Add ddH2O to a final volume of 1000 ml 

Filter sterilizes and store at 20C 

 

Complete DMEM medium 

50 ml Fetal bovine serum (FBS) 

450 ml DMEM cultured medium 

5 ml Penicillin/Streptomycin (1000 UI) 

 

Complete Keratinocyte Serum-Free Growth Medium (KSFM) medium 

25 mg Bovine Pituitary Extract (BPE) 

500 ml KSFM media 

500 ng Epidermal Growth Factor (EGF) 
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5 ml Penicillin/Streptomycin (1000 UI) 

 

Freezing media 

70 % Fetal bovine serum (FBS) 

20 % complete DMEM medium  

10 % Dimethylsulphoxide (DMSO) 

 

10X PBS (pH 7.4) 

80 g NaCl 

2 g KCl 

14.4 g Na2HPO4  

2.4 g KH2PO4 

Adjust pH to 7.4 using concentrated HCl or NaOH. Bring to 1L with ddH2O and autoclave. 

 

1X PBS (pH 7.4) 

50 ml of 10X PBS 

450 ml of ddH2O 

 

1 X Trypsin-EDTA solution (0.05% Trypsin-0.02% EDTA) 

0.5 g trypsin 

0.4 g EDTA 

Add 1X PBS to a final volume of 1000 ml 

 

6.2.13.2 RNA and DNA solutions 

Sterile DEPC treated water 

1 ml DEPC in 1 litre ddH2O 

Incubate for 1 hour at 30°C and autoclave. 

 

Buffer for DNA extraction from cell cultures  

200 μl of 5M NaCl  

100 μl of 1M Tris (pH 8)  

500 μl of 0.5M EDTA (pH 8)  

50 μl of 1% SDS  

100 μl of Proteinase K (10mg/ml)  

Add ddH2O to a final volume of 10 ml 
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Phenol: Chloroform: Isoamyl alcohol (25:24:1) 

Mix 50 ml of phenol, 48 ml of chloroform and 2 ml isoamyl alcohol (25:24:1) 

 

7.5 M Ammonium acetate (pH 7.4) 

Dissolve 57.81 g ammonium acetate in 60 ml of ddH2O 

Adjust pH to 7.4 with ammonia solution 

Make up to 100 ml with ddH2O and sterilise by filtration using a filter of 0.45 μm pore size. 

 

10X TBE buffer 

Dissolve 108 g Tris in 800 ml ddH2O 

Add 55 g Boric Acid (Mix) 

Add 40 ml 0.5 Na2EDTA (pH 8.0) 

Adjust volume to 1 L, store at room temperature. 

 

1% Agarose gel 

5 g of Agarose powder 

500 ml of 1X TBE buffer 

 

10 % SDS 

Dissolve 10 g sodium dodecyl sulphate in 80 ml ddH2O (heat to 80°C), make up to 

100 ml with ddH2O 

 

1 % SDS 

Dissolve 1 g sodium dodecyl sulphate in 80 ml ddH2O (heat to 80°C), make up to 

100 ml with ddH2O 
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