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Lay summary 

 

Cancer is a disease of the genome. Significant technological advances have 

allowed researchers to molecularly characterise tumours and responding immune 

cells, which has resulted in breakthroughs that have translated to pharmacologically 

actionable markers and targets. A new paradigm in therapeutics involves stimulating 

the patients’ own immune system to eradicate cancer. New technologies have en-

hanced our ability to search for new immune targets such as mutation-derived anti-

gens (neoantigens), which has accelerated the development of novel immune thera-

pies. In order to detect tumour cells, the immune system must recognise them as 

foreign; they do so by detecting molecules named neoantigens on the cell surface. 

Neoantigens can form when cancer cell-specific mutations occur that result in altera-

tions of the protein from ‘self’. Those tumour-specific markers can also function as 

immune stimulatory vaccines when administered to the body. Neoantigens can acti-

vate an immune response sufficient to clear tumour cells. Neoantigens may have di-

verse sources such as viral and mutated proteins. The identification of neoantigens 

holds great promise to further improve the efficacy of immunotherapeutic approach-

es, therefore the aim of this project is to develop pipelines to understand the current 

limitations of vaccine target discovery and to streamline future neoantigen vaccine 

therapy for human cancers. 

.
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Abstract 

 

The evolution of new technologies such as next-generation sequencing has 

enhanced our ability to search for new immune targets such as mutation-derived an-

tigens (neoantigens), which has accelerated the development of novel immune ther-

apies. Neoantigens are tumour-specific markers that can form when cancer cell-

specific mutations encode molecules that differ from ‘self’. Neoantigens may have 

diverse sources such as viral and mutated proteins. Moreover, posttranslational 

modifications and altered antigen processing can contribute to the neoantigen land-

scape. Studies have shown that inhibition of nonsense-mediated decay (NMD) also 

generates new antigenic determinants in tumour cells. This RNA quality control 

pathway removes aberrant mRNA containing premature termination codons (PTCs) 

that arise through mutation or defective splicing. Neoantigens expressed on the sur-

face of tumour cells can be detected and removed by immune cells, thus neoanti-

gens can themselves function as immune stimulatory vaccines. Tumour vaccination 

aims at stimulating a systemic immune response targeted to, mostly weak, antigens 

expressed in the disseminated tumour lesions. The main challenge in developing ef-

fective vaccination protocols is the identification of potent and broadly expressed tu-

mour rejection antigens and effective adjuvants to stimulate a robust and durable 

immune response. 

The purpose of this project was to create pipelines to identify mutated proteins 

in human and mouse melanoma cell lines from matched genomic, transcriptomic, 

and proteomic data. A proteogenomic pipeline was set up including definition of can-

cer DNA variants, RNA variants (expressed genes under different conditions), and 

mass spectrometry to identify mutated protein and MHC class I expression. One key 

question was to what extent can we detect mutated MHC Class I binding peptide 

based on cancer genome and RNA sequencing. Another key question was to define 

to what extent a cancer gene (such as p53) or a drug lead (such as NMD inhibitor or 

splicing inhibitor) changes the immunopeptidome as well as the mutated immuno-

peptidome. These pipelines require utilising bioinformatics approach to analyse next 
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generation DNA and RNA sequencing and creating a mutant protein reference data-

base specific for the isogenic cell line with or without drug treatment. The thesis out-

line includes; (i) Developing rules for stop codon readthrough in the presence of 

NMD inhibitors in order to expand mutant proteins that can be produced; (ii) Analysis 

of mutant tumour immunopeptidome using an isogenic wild-type and p53 null cell 

model to define how this tumour suppressor gene status  impacts immunopeptidome 

and how many mutant immunopeptides can be detected when comparing two dis-

tinct methodologies for immunopeptidome identification; and finally; (iii) Defining the 

effects of NMD inhibition or splicing inhibition on the mutant tumour neoantigen pool 

in human and mouse melanoma models to form a novel paradigm for developing 

new drugs to stimulate tumour rejection. The developed proteogenomic platform re-

sulted in detection of a novel potential neoantigenic peptide ASELHTSLY proving the 

effectiveness of the presented approach.
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1 Introduction 

 

1.1 Cancer development 

 

Despite novel developments in therapeutic strategies and diagnosis, cancer 

remains the second leading cause of morbidity and mortality across the world. 

International Agency for Research on Cancer estimated that in 2020 cancer-related 

death has risen to nearly 10 million annually.  

Transforming normal cells into cancer cells is a multi-stage process, which 

progresses with the accumulation of genetic, microenvironmental and physiological 

changes that allow abnormal cell survival, proliferation, and often metastasis. 

What makes a cell cancerous have been defined as the hallmarks of cancer. 

Hanahan and Weinberg created a model of shared characteristics (hallmarks) uniting 

all types of cancer cells based on their cellular phenotype. Initially they identified six 

distinct hallmarks, later expanded to eight and recently this number grew to 14 

cellular parameters, that play key roles in tumourigenesis (Figure 1.1) (Hanahan, 

2022; Hanahan & Weinberg, 2000). Past studies pointed to cancer being a result of 

the accumulation of multiple driver mutations, some within the non-coding regions 

(Khurana et al., 2016).  
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Genome instability and fast pace of cell proliferation, creates heterogenous 

tumours that are challenging to treat. Therefore, studying the mutational landscape 

of cancer holds a great promise for understanding the molecular mechanism of 

tumour development and progression. 

 

1.1.1 Cancer mutational landscape 

  

Advancements in next-generation sequencing (NGS) technology allowed for a 

high-throughput DNA and RNA sequencing, providing a tool for mapping and 

characterising mutations in an individual’s tumour. Analysis revealed that alongside 

germline variants inherited from parents, patients with cancer carry somatic 

mutations in their tumour tissue. In an average human genome, there are roughly 4 

million germline variants relative to the reference genome, whereas tumour genome 

Figure 1.1 Hallmarks of cancer. Hanahan and Weinberg proposed a set of fundamental 

traits shared by most, if not all, human cancers. List of six cellular features set by them in 

2000, was later expanded to fourteen characteristics that orchestrate the multistep process of 

the transformation of normal cells into malignant cells (Hanahan, 2022) 
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typically contains thousands of variants in relation to the same germline DNA (Amar 

et al., 2017; Koboldt et al., 2013).  

Even though somatic mutations can be identified in healthy tissues, they are 

relatively rare in comparison with their high presence in tumour cells. Tumour 

mutational burden (TMB) has been defined as the number of non-synonymous 

mutations detected in coding regions across the whole genome. Chalmers et al., 

analysed 100,000 cancer cases to test for association between somatic alterations 

and tumour mutational burden in over 100 tumour types (Chalmers et al., 2017) and 

discovered that TMB increases significantly with patient’s age. They also identified 

that cluster of somatic mutations in the promoter of PMS2 gene, found in 10% of skin 

cancers show high correlation with increased TMB (Chalmers et al., 2017). 

Based on their impact on protein sequence, mutations can be classified as frameshift 

and point mutations. Frameshift variants are a result of an insertion or a deletion of a 

number of nucleotides that is not divisible by three. Translational machinery reads a 

gene’s code in groups of three bases, therefore mutation disrupting this normal 

reading frame, causes the whole gene sequence following the mutation being read 

incorrectly (Chu & Wei, 2019). 

Point mutations are a product of a modification of a single nucleotide and can 

be either synonymous or nonsynonymous. Synonymous mutation occurs when a 

codon is being replaced with another codon that codes for the same amino acid, thus 

the produced amino acid sequence is not changed. However, synonymous 

mutations are known to interfere gene expression through alteration in transcript 

stability, mRNA secondary structure, splicing processes, and translational kinetic 

(Sarkar et al., 2022). The modifications of splicing machinery can lead to changes in 

the binding pattern of splicing factors and result in exon skipping, intron retention, 

and various other forms of alternative splicing. It has been shown that synonymous 

mutations can actually influence the splicing pattern of cancer-related genes, proving 

that despite these mutations being silent to the protein sequence, they are not 

always silent to the function (Chu & Wei, 2019). 

Nonsynonymous mutations on the other hand, change the protein sequence 

and can be divided into nonsense and missense mutations. Nonsense variants result 

in premature termination codons that, if translated lead to production of truncated 
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and often non-functional protein. Whereas missense mutations are single base pair 

substitutions, whose consequence is a creation of an amino acid that is different 

from the usual amino acid at that position. 

Interestingly, Chu et al, by studying mutations across cancer-related genes, revealed 

that the nonsynonymous to synonymous ratio is significantly lower (~20%) in this 

group compared to other genes, which suggests that the nonsynonymous variants in 

cancer-related genes are suppressed most likely due to their deleterious effect (Chu 

& Wei, 2019). 

Tumour suppressors and oncogenes 

One of the hallmarks of cancer is evading growth suppressors by genetic or 

epigenetic modifications of genes responsible for keeping cell division and replication 

in check (Hanahan & Weinberg, 2000). These genes are named tumour suppressor 

genes (TSGs). Main role of TSGs is to control cellular proliferation by negatively 

regulating cell growth, therefore, disruption of their activity can lead to cancer 

promotion. Downregulation of TSGs includes mutations, deletions, inactivation of 

upstream or downstream effectors, DNA methylation and histone modifications 

(Hanahan, 2022). 

In many cancers, tumour suppressor genes carry nonsense mutations. This 

leads to the loss of protein expression or the synthesis of a truncated protein unable 

to play its role in inhibition of cell proliferation and promoting apoptosis. Studies 

proved, that tumour suppressor genes have higher frequency of nonsense mutation 

than oncogenes (Chu & Wei, 2019). The most studied tumour suppressor gene is 

TP53, which will be described in depth within next chapters. In 1971 Alfred Knudson 

constructed a two-hit hypothesis, which states that to cause a phenotypic change 

and therefore cancer development, TSG require inactivation of both alleles, either 

through mutations or epigenetic silencing (Knudson, 1971).  

Proto-oncogenes are normal genes promoting cellular growth and 

proliferation, but which also have a potential to contribute to cancer development if 

they  lose their function through mutation, fusion with another gene or 

overexpression, transforming proto-oncogenes into oncogenes (Brown, 2021). Many 

studied proto-oncogenes encode transcription factors, regulators of cell death, 

growth stimulators, receptors and signal transducers. Their involvement in regulating 
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the behaviour of normal cells and promoting oncogenic transformation is well 

documented. Oncogenes typically exhibit increased production of proteins driving 

cell division, decrease cell differentiation, and inhibit apoptosis; taken together, these 

phenotypes define cancer cell (Brown, 2021; Hanahan, 2022). 

It has also been shown that some oncogenes are a crucial factor in restricting 

the lineage versatility of cancer stem cells (Brown, 2021). In physiological state, stem 

cells, such as haematopoietic stem cells, replenish mature cell types to meet the 

demands of an organism. Some oncogenes were found to deregulate this 

homeostatic process by inhibiting leukaemia stem cells to give rise to a single cell 

lineage (Brown, 2021). However, it still remains to be explained whether the 

deregulation of stem cell and progenitor cell versatility and restricting the progeny of 

cancer stem cells (CSCs) to only one lineage is central to how some oncogenes 

drive the development of cancer. 

Vogelstein et al.  showed that patterns of mutations found in well-studied 

oncogenes and tumour suppressor genes are not random and in fact they are very 

characteristic. Oncogenic genes are often mutated at the same amino acid position, 

while tumour suppressors are mutated by protein-truncating alterations throughout 

their length (Vogelstein et al., 2013). Based on these mutation patterns rather than 

frequencies, Vogelstein group was able to determine which of the mutated genes 

can be causally linked to cancer progression, a mutation driver gene, and whether 

they are likely to function as oncogenes or tumour suppressor genes (Vogelstein et 

al., 2013) 

 

Other genetic alterations in tumours 

It has been noted that the rate of point mutation in tumours is similar to normal 

cells, but the rate of chromosomal changes in cancer is elevated (Vogelstein et al., 

2013). Therefore, most solid tumours have been characterized by widespread 

changes in chromosome number, as well as deletions, inversions, translocations, 

and other genetic abnormalities (Chen et al., 2019). These changes affecting large 

part of a chromosome cause difficulty in the identification of the specific “target” 

gene(s) whose gain or loss creates a growth advantage to the cancer cell. In case of 

translocations, gene amplifications or homozygous deletions target genes are 
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detected more easily. Translocations can result in gene fusion and creation of an 

oncogene, such as Breakpoint Cluster Region-proto-oncogene tyrosine-protein 

kinase (BCR-ABL) in chronic myelogenous leukaemia, in a small number of cases, 

can also inactivate a TSG by truncating it or isolating it from its promoter (Kang et al., 

2016). Homozygous deletions often target one or a few genes, usually tumour 

suppressor.  

Oncogenes are usually transformed by amplification, causing the protein 

product to be abnormally active by tumour cell containing 10 to 100 copies of the 

gene per cell, in comparison with the two copies that are present in normal cells 

(Vogelstein et al., 2013). The mutational patterns of well-studied oncogenes are 

highly characteristic and non-random. Oncogenes are often mutated at the same 

amino acid positions (Vogelstein et al., 2013).  

Cancer cells adapt to cellular stresses and environmental changes, such as 

hypoxia, by inducing metabolic changes and increasing their phenotype variability. 

Warburg et al. in 1950s were the first to report metabolic adaptation of cancer cells, 

demonstrating that cancer cells acquire metabolic alterations compared with normal 

cells (Warburg, 1956). Scientists discovered that in a hypoxic environment cancer 

cells exist at an acidic pH, because of the induction of glycolysis (Warburg effect) 

through Hypoxia-inducible factor 1 α (HIF1α), followed by lactate and extracellular 

efflux of hydrogen ions (H+), as well as the accumulation of lactate (Warburg, 1956). 

In addition, HIF is also known to induce the expression of genes related to, tumour 

vascularisation, metastasis and invasion  (Wicks & Semenza, n.d.).  

One of the other regulatory processes that allow cancer cells to adapt to the 

changing environment are RNA editing and splicing, that enable a dynamic of human 

transcriptome diversity. RNA editing allows alteration of the RNA sequences and 

introduction of mismatches, thus modifying the coding capacity of a given transcript 

(Frezza et al., 2023). The most prominent type of editing reaction is adenosine to 

inosine base-modification, , which eventually can cause an amino acid substitution in 

the protein product. Adenosine deaminases acting on RNA (ADARs) family of 

enzymes drive editing adenosine to inosine in double-stranded RNA. Structural 

similarities of these two nucleosides, cause inosine to be recognized as guanosine 

by translation machineries leading to protein recoding and further splicing change, 
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respectively (Nishikura, 2010; Tang et al., 2020). An alteration in RNA sequences 

induced by the editing machinery affects gene expression and can contribute to the 

acquisition of a tumorigenic and aggressive phenotype (Frezza et al., 2023). 

Therefore, proteins translated from edited RNA allow tumour cell to adjust and adapt 

to the rapidly changing microenvironment. 

Cancer-associated RNA splicing is another molecular feature that 

characterizes almost all tumour types. Alteration in splicing machinery can arise from 

both mutational changes and altered expression of trans-acting factors responsible 

for splicing catalysis and regulation (Tang et al., 2020). Deregulation of RNA splicing 

can drive tumourigenesis through diverse paths, such as contribution to increasing 

cell proliferation, avoidance of apoptosis, chemo-resistance, evading immune 

surveillance, enhancing cell migration and thus potential for metastasis (Bradley & 

Anczuków, 2023; X. Dong & Chen, 2019). Recent studies demonstrated therapeutic 

benefits of correcting or antagonizing cancer-associated isoforms that play critical 

roles in cancer cell transformation by using small molecules that modulate or inhibit 

RNA splicing (Pierson et al., 2019). 

 

Cancer genome studies 

Advances in sequencing technologies over the years allowed us to broaden 

the knowledge about mutational load of various cancers (Broseus & Ritchie, 2020; 

Khurana et al., 2016; Wu et al., 2020).  Without a doubt, the biggest achievement in 

studying cancer mutational landscape was establishment of the Cancer Genome 

Atlas (TCGA) project, which studied thousands of samples and led to creation of 

large databases containing a comprehensive catalogue of recurring mutations. Over 

the years, growing number of studies allowed to link certain genes to cancer 

development and progression, as well as identifying more complex cancer subtypes 

based on their somatic mutations (Amar et al., 2017). 

Recent studies have also shown the tumour mutational burden can serve as a 

predictive marker for responsiveness to immunotherapy in multiple cancer types 

(Rizvi et al., 2015; Snyder et al., 2014). Therefore, analysis of mutational profile and 

gene expression status can provide useful predictive biomarkers for chemotherapy 

and immunotherapy. 
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1.1.2 Role of p53 

 

p53 is a transcriptional factor encoded by the TP53 gene on human 

chromosome 17. Full-length isoform contains 393 amino acids with molecular weight 

of 53kDa. Architecture of the p53 protein consists of several crucial domains, such 

as N-terminal transactivation domain, core DNA binding domain and an 

oligomerization domain at the C-terminus (Figure 1.2). Each of the protein regions 

has been shown to be responsible for a different p53 function (Lane, 1992). 

 

 

The main role of p53 is regulation of the expression of genes involved in im-

portant cellular events, such as cell cycle, apoptosis, DNA repair, angiogenesis, and 

cellular senescence (Lane, 1992; Marei et al., 2021). In response to the aberrations 

in genetic material, p53 halts the cell cycle until the damage is repaired, thus pre-

venting the propagation of DNA-defective cells and potential cancer transformation. 

By playing such critical role in regulation of complex intercellular networks that pre-

serve genome integrity, p53 has been known as the “guardian of the genome”. Apart 

from the nucleus, p53 also localizes other cellular compartments, such as mitochon-

dria, endoplasmic reticulum, and cytosol. Distribution of the protein in different cell 

Figure 1.2 Domains of p53. Human p53 is composed of 393 amino acid residues and consists of N-

terminal activation domain 1-61 (red), proline-rich domain 64-92 (orange), DNA-binding domain 100-300 

(grey), tetramerisation domain 323–355 (purple), and C-terminal domain 364-393 (yellow). 
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components regulates the transcriptional and non-nuclear functions of p53 (Zavi-

leyskiy & Bunik, 2022). 

Early experiments demonstrated that p53 interacts with an oncogenic simian virus 40 

(SV40) to transform cells, lead to believe that p53 is a cellular oncogene (Lane & 

Crawford, 1979). Later studies showed that the protein acts more like a tumour sup-

pressor based on its ability to repress oncogenic transformation in vitro and high 

susceptibility of tumour development in TP53 knockout mice (Attardi & Donehower, 

2005; Donehower, 1996). 

In the physiological state, p53 protein in maintained on the low level due to its 

short half-life. The turnover of p53 is regulated by its interaction with E3 ubiquitin 

ligase MDM2 (murine double minute-2) (S K et al., 2021, p. 2). MDM2 binds to N-

terminal region and blocks the transcriptional activity of p53. This interaction targets 

p53 to ubiquitin-dependent degradation. However, various-DNA damaging agents 

lead to stabilization of p53 and increased level of the protein (H. Wei et al., 2021). It 

has been shown that under stress conditions, p53 dimers also accumulate at the 

outer membrane of mitochondria interacting with anti-apoptotic protein Bcl-2 leading 

to programmed cell death through mitochondrial membrane permeabilization (H. Wei 

et al., 2021). 

In response to genotoxic stress p53 stability is regulated by various post-

translational modifications (PTMs), such as phosphorylation, acetylation, 

methylation, glycosylation, ubiquitination, and sumoylation, of different protein 

regions (Marei et al., 2021). These modifications influence the protein ability to 

modulate cell proliferation and cell death (Marei et al., 2021). Diverse stress signals, 

including acute DNA damage, radiation, or oncogene activation, promote p53 

phosphorylation, leading to disruption of the p53-MDM2 interaction, or directly inhibit 

MDM2 activity (Gencel-Augusto & Lozano, 2020). As a result, p53 protein 

accumulates in the nucleus, forms a stable tetramer and binds to target genes 

causing activation or inactivation of their transcription (Gencel-Augusto & Lozano, 

2020). Among genes regulated by p53 are CDKN1A (P21), GADD45, BAX, PUMA, 

NOXA, and TIGAR. p53 protein binds DNA and stimulates p21 production, which 

then interacts with a cell division-stimulating protein (cdk2) inhibiting its kinase 

activity and resulting in G1-phase arrest (G. He et al., 2005).  
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p53 is preventing the accumulation of mutations that could drive tumour 

development and is counteracting the effects of oncogenic mutations. Various 

studies have shown additional roles of p53 protein in tumour suppression, such as 

regulation of tumour metabolism, microenvironment signalling, induction of 

ferroptosis (iron-depended programmed cell death) and cancer stem cell renewal or 

differentiation (Gnanapradeepan et al., 2018). Therefore, TP53 inactivation drives 

proliferation, invasion, and cell survival, clearing the way for cancer progression and 

metastasis. 

Bert Vogelstein and his colleagues were first to identify somatic mutations of 

TP53 in the study of colorectal cancer (Baker et al., 1989), although soon it became 

clear that the gene is highly mutated across various cancer types (Albino et al., 

1994, p. 53; Baker et al., 1989). Further systemic studies demonstrated that 

alterations on both alleles of p53 are the most common mutational signature of all 

human cancers (Hanahan, 2022). Inactivation of p53 by either mutation or deletion 

has been detected in more than 50% of human cancers. Some of the detected hot 

spot mutations in p53 gene include codons 175, 248, 273, and 282 (Baugh et al., 

2018). 

TP53 mutations can be classified as structural or DNA-binding mutations, 

which influence either p53 protein folding or its transcriptional activity. Most p53 

mutations are localized within the DNA binding domain that span ~ 190 different 

codons (Baugh et al., 2018). Mutations within that region may either disrupt p53-

DNA interactions directly or through the modification of the domain confirmation. It 

has been noted that the top 10 most frequent mutations account for ~ 30% of all 

missense mutations, which indicates that there are preferential mutation sites in 

TP53. This mutant preference may come from the selection of the mutated TP53 

alleles that are contributing the tumour phenotype the most (Baugh et al., 2018). 

Additionally, carboxyl terminus of p53 protein has been shown to control p53 DNA-

binding activity. Thus modifications of that region by phosphorylation, deletion or 

binding of antibody can convert p53 from latent to active state for DNA binding 

(Delphin & Baudier, 1994; Hupp et al., 1992). 

According to TCGA studies, more than 64% of the mutations in p53 are 

missense that result in single amino acid substitutions, 33% mutations are producing 
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premature termination codons (PTC) that cause unstable truncated p53 protein or 

complete lack of its expression due to nonsense-mediated mRNA decay (NMD) (S.-

Y. Lee et al., 2019). The most frequent nonsense TP53 mutation are R213X and 

R196X, R213X being present in about 1% of all human cancers (M. Zhang, Heldin, 

et al., 2018a). Lee et al showed that K120R missense mutation disables p53 protein 

acetylation and therefore inactivates its apoptotic function (S.-Y. Lee et al., 2019). 

They noticed that the mutation may create a novel splicing site, that results in an 

aberrant transcript variant with a frame-shifted premature termination codon which 

induces nonsense-mediated mRNA decay. This discovery provided a mechanism 

that links the missense mutation and tumourigenesis (S.-Y. Lee et al., 2019). 

Discovered mutations in TP53 gene present not only loss of wild type p53 

activity, but also mutant p53 protein can gain novel oncogenic properties. Studies 

show that overexpression of mutant p53 increases the resistance of tumour cells to 

drug-induced apoptosis (Blandino et al., n.d.; Datta et al., 2017). Some forms of 

mutant p53 protein use characteristics of wild-type p53, such as interactions with the 

transcriptional machinery, to induce oncogenic state (Datta et al., 2017). Molecular 

mechanism of the gain of function (GOF) phenotype alters with different p53 mutants 

and relates to the differences in structural changes caused by those mutations (Datta 

et al., 2017). In cell expressing tumour-associated p53 variants, altered protein was 

shown to promote cellular growth, enhanced drug-resistance, increased invasion, 

and metastasis (Pfister & Prives, 2017). Recent studies indicate that mutant p53 

protein can also be selectively packed into extracellular vesicles and taken up by 

neighbouring cancer cells and to macrophages, thus stimulating the release of 

tumour-supportive cytokines and subsequently establishing a positive feedback loop 

for tumour progression (Bhatta et al., 2021).  

Transcriptional activity of p53 relies on the formation of tetramers (Gencel-

Augusto & Lozano, 2020). It has been observed that most p53 mutants show an 

intact oligomerization domain, therefore the mutated protein can inactivate p53 

function by binding to the wild-type protein forming hetero-oligomer (Gencel-Augusto 

& Lozano, 2020). This phenomenon has been described as a dominant-negative 

effect. Boettcher et al. reported that mutant p53 inactivates WT p53 in response to 

DNA damage (Boettcher et al., 2019). Scientists demonstrated that mutant 

p53R248Q in p53R248Q/+ acute myeloid leukaemia cells inhibited the ability of the 
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wild-type p53 protein to activate CDKN1A expression similar to p53-null cells 

(Boettcher et al., 2019). 

In cancers that do not carry TP53 mutation, p53 is inactivated through protein-

protein interactions that lead to increase in p53 degradation or inhibition of p53 

activity (Pfister & Prives, 2017). In tumours that retain wild type p53, the 

transcriptional activity of the protein is often impaired through alternative 

mechanisms, which include methylation of p53 promoter, overexpression of p53 

negative regulators MDM2 and MDMX or inactivation of p14/ARF. The p14(ARF) is a 

small protein that regulated the activity of MDM2 by displacing p53 and preventing its 

proteasomal degradation (M. Zhang, Heldin, et al., 2018b). 

Abnormal cellular localization of p53 protein is one of the other mechanisms related 

to the protein inactivation. It’s been discovered that cells showing p53 cytoplasmic 

accumulation are less responsive to DNA damage (Cai & Liu, 2008). 

Not only lack or inactive p53 causes cancer, but also overexpression of p53 can lead 

to various pathologies, such as premature aging, developmental changes, 

neurodegeneration, and can also cause adverse effects during cancer treatment 

(Inoue et al., 2012). 

The understanding of the crucial role that p53 plays in tumourigenesis 

Figure 1.3 Effects of APR-246 on mutant and wild-type TP53 activity. APR-246 is converted to the reactive form 

methylene quinuclidinone (MQ), which binds covalently to p53 core domain. Cysteine 277 and Cysteine 124 were 

identified as a prime binding target for MQ and essential for MQ-mediated thermostabilization of p53 wild-type, and 

functional restoration of mutant p53 in cancer cells. No effect has been shown on TP53 knockout cells. 
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generated considerable interest in developing therapeutic approaches aiming to 

restore the p53 functions (M. Zhang, Heldin, et al., 2018b). Several studies have 

demonstrated that transfecting cancer cells with plasmids carrying wild type p53 lead 

to activation of apoptosis pathway and/or growth arrest. A variety of potential p53-

restoring compounds are currently in the clinical trials, such as APR-246 (McCubrey 

et al., 2022). This prodrug once metabolised to methylene quinuclidinone (MQ), 

binds to the critical cysteine residues in the binding domain of mutant p53 and 

restores its wild-type conformation (Figure 1,3). Additionally, APR-246 generates 

reactive oxygen species (ROS), which alter the structure of the mutant TP53 protein 

(McCubrey et al., 2022; Q. Zhang et al., 2018). Therefore, understanding the precise 

role that p53 plays in cancer development can lead to developing more therapeutic 

approaches targeting this tumour suppressor gene. 

 

 

1.1.3 Tumour immune environment 

 

Tumour microenvironment (TME) plays a crucial role in tumour differentiation, 

epigenetics, dissemination, and immune evasion. TME is highly heterogeneous, 

consisting of cancer cells, tumour stromal cells including cancer-associated 

fibroblasts (CAFs), pericytes, endothelial cells and immune cells, such as 

macrophages, microglia, and lymphocytes, as well as the non-cellular components of 

extracellular matrix like collagen or laminin (Baghban et al., 2020).  

Tumour-TME interaction regulates cancer progression in either positive or 

negative fashion (Baghban et al., 2020). At the early stages of malignancy, TME 

confers anti-tumorigenic functions, However, some cancer cells can tolerate the 

suppressive effect and induce reprogramming of the TME into one promoting 

malignancy (T. Liu et al., 2019). As the core of TME, cancer cells disturb the function 

of other components to use the non-cancerous cells to work for their own benefit. 

That dynamic interaction of tumour cells with their microenvironment promotes 

cancer heterogeneity, clonal evolution, deficient response to therapy or even multi-

drug resistance and metastasis (Labani-Motlagh et al., 2020). 
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Hot and cold tumours 

A plethora of studies confirmed that alongside the traditional hallmarks of 

cancer, immune-modulating mechanisms are also pivotal characteristics of tumour 

cells (Binnewies et al., 2018; Jhunjhunwala et al., 2021). Immune expression 

profiling, looking at variety of produced cytokines, chemokines, and cell surface 

proteins, can be used to assess the tumour inflammatory status and to classify the 

lesion as “hot” or “cold” (Binnewies et al., 2018; L. Wang et al., 2023). Hot tumours 

show high number of tumour-infiltrating lymphocytes (TIL) and are more sensitive to 

treatment with immune checkpoint blockers monotherapy or combination therapy. 

Whereas, cold tumours are poorly immunogenic tumours, display low number or lack 

of TIL and have a much lower likelihood of response to immune checkpoint blockade 

therapy (Binnewies et al., 2018). 

Tumour-infiltrating immune cells have a significant impact on the clinical 

response to immunotherapy (Xie et al., 2021), and it has been identified that not only 

the composition of TME, but also the localization and functional orientation of 

immune cells determine the anti-tumour immune response (Finotello et al., 2019). 

Studies show, that better therapeutic prognosis display patients with high densities of 

specific immune cell subpopulations in the tumour core (Finotello et al., 2019). 

High number of CD8+ T-cells, TH1-like chemokine, and interferon (INF) 

expression are characteristics of T-cell inflammation (Apcher et al., 2011). Cytotoxic 

T-cells are the core of the tumour immune control and response to therapies (Phan 

et al., 2003). Activation of CD8+ T-cell-mediated immune response requires 

presentation of peptides on the cell surface by major histocompatibility complex 

(MHC) class I molecules or as defined in human HLA (human leukocyte antigen). 

Processing and presentation of antigen by MHC I pathway is a complex mechanism, 

which requires multiple steps during which endogenous cytosolic proteins are 

degraded by proteasome into 8-11mer peptides, loaded onto MHC molecules, and 

presented on the cells surface (Apcher et al., 2011). Recognising these peptide-

MHC complexes as foreign on dendritic cells in draining lymph nodes prompts CD8+ 

T cell activation, release of the pro-inflammatory cytokines and eradication of the 

affected cells. Identification of which specific peptides are being presented on MHC 

class I is crucial for development of diagnostics and therapeutic approaches for 
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cancer (Koşaloğlu-Yalçın et al., 2022). Interestingly, when Moldoveanu et al. 

investigated the immune microenvironment of melanoma patient samples, they 

observed that the patient’s responsiveness to immune checkpoint blockade was 

correlated with proximity of antigen-experienced cytotoxic T cells to melanoma cells 

intratumorally, indicating that special organisation within tumour tissue also plays a 

part in activation of the immune response (Moldoveanu et al., n.d.). 

CD4+ T cells are another type of important T cell in the TME. Population of 

CD4+ T cells includes T helper type 1 cells, T helper type 2 cells, T helper type 17 

cells, and regulatory T-cells (Tregs) (Xie et al., 2021). Recognition of endosomal 

degradation products and processed extracellular proteins by CD4+ T-cells was 

shown to play a crucial role in cancer immune landscape (Vyasamneni et al., 2023). 

Activation of these special immune cells happens upon the encounter with their 

cognate antigen displayed on the surface of antigen-presenting cells (APCs) by 

major histocompatibility complex class II (MHC II) molecule (Vyasamneni et al., 

2023). In tumour immunity, some CD4+ T cells are able to induce the anti-tumour 

function of cytotoxic T cells by promoting their infiltration of TME, maintaining their 

activities, and leading in antigen presentation (Vyasamneni et al., 2023). 

Physiologically, Tregs suppress effector T cells inhibiting autoimmunity or excessive 

immune response; however, immunosuppressive activity of Tregs in tumour side 

creates an obstacle for anti-tumour response favouring tumour progression. 

Therefore, inhibition of the immunosuppressive function of tumour-infiltrating 

regulatory T cells has become a promising subject in tumour immunotherapy 

research (Xie et al., 2021). 

Understanding role of TME and its components in tumorigenesis has become 

an emerging topic in cancer research (Labani-Motlagh et al., 2020). One of the cell 

types found in tumour microenvironment are Cancer-associated fibroblasts (CAFs), 

which have been shown to provide physical support for epithelial cells, but also 

secrete various cancer-promoting and pro-angiogenic cytokines and chemokines, 

therefore having an extensive contribution to an immunosuppressive TME (T. Liu et 

al., 2019).  

Taking in consideration different aspects of the TME is vital when designing 

new therapies and new treatment strategies for cancer patients. Significant 
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technological advances have allowed researchers to molecularly characterise 

tumours and responding immune cells, which has resulted in breakthroughs that 

have translated to pharmacologically actionable markers and targets (T. Liu et al., 

2019). 

 

Immune cell evasion 

 Large number of studies demonstrated that both innate and adaptive 

immunity are involved in immune surveillance, which is described as tumour 

elimination phase (Brogden et al., 2016; O’Neill et al., 2018). However, if the 

transformed cells evade immune control (escape phase), tumours are formed. While 

cancer progresses, the immunosuppression increases in magnitude, causing 

continued tumour growth (equilibrium phase) (XCaroline Jansen et al., 2018). 

It has been shown that anti-tumour immune response is mainly led by natural 

killer (NK) cells, CD4+ helper T (Th) and CD8+ cytotoxic T (Tc) cells alongside 

proinflammatory macrophages (M1) and dendritic cells (DC) (Labani-Motlagh et al., 

2020). On the other side, tumour immunity is counteracted by myeloid-derived 

suppressor cells (MDSCs) and Foxp3+ regulatory T cells (Tregs), which are attracted 

and expanded by tumour cells to control the present effector lymphocytes and to 

inhibit the activation of new tumour-reactive lymphocytes (Labani-Motlagh et al., 

2020). 

Tumour immune cell evasion is achieved by various methods such as 

downregulation or loss of expression of tumour antigens, release of 

immunosuppressive extracellular vesicles (EV) or molecules including Il-10 or 

transforming growth factor β (TGF-β), overexpressing programmed death ligand 1 

(PD-L1), and many others (Bhatta et al., 2021; Johnson et al., 2016; O’Neill et al., 

2018). Recognition by cytotoxic T cells and antigen presenting cells (APCs) can be 

avoided by loss of the ability of tumour antigen presentation, as well as 

downregulation of MHC-I and II complex (Johnson et al., 2016)  Bhatta and 

colleagues discovered that mutant p53 proteins are encapsulated in EVs and 

distributed to neighbouring cells to potentially reprogram immune cells and therefore 

creating a positive feedback loop enhancing cancer progression (Bhatta et al., 2021). 



17 
 

One of the most crucial aspects of immune activation is stimulation of 

dendritic cells. If DCs patrolling tumour microenvironment is not properly matured, 

presentation of tumour antigens to T-cells can result in development of 

anergic/tolerant T-cells (Labani-Motlagh et al., 2020). Immature DCs in TME are 

characterised by low expression of costimulatory molecules such as CD80 and 

CD86 and high occurrence of inhibitory molecules such as PD-L1 and cytotoxic T 

lymphocyte associated antigen-4 (CTLA-4) (Labani-Motlagh et al., 2020). Induction 

of these tolerogenic dendritic cells has been shown to be achieved by various factors 

including cytokines released by tumour (e.g., TGF-β and IL-10), products of 

pathogens and regulatory T-cells secreting IL-10. Moreover, uptake of 

apoptotic/necrotic DC can convert immature DC into tolerogenic dendritic cell 

(Kushwah et al., 2010),  

A previously stated, tumour cells escape immune surveillance by utilizing 

several mechanisms, such as production of immunosuppressive cytokines or 

recruitment of cells that induce immune tolerance (Rosenthal et al., 2019). 

Therefore, an in-depth analysis of complexity within the tumour immune composition 

is necessary to identify successful therapeutic strategies, that will surpass the 

tumour immune evasion and provide a clinical benefit. 

It has been shown that anticancer immunity can be therapeutically utilized by 

using combinations of immune checkpoint blockers and anti-angiogenic inhibitors 

(W. S. Lee et al., 2020). Thus, the adequate determination of cancer immunity 

requires the identification of the following tumour features: neoantigens, immune 

complexity of tumour microenvironment (TME), patient characteristics and 

environmental factors. Recent technological advancement in techniques such as 

high-resolution sequencing, flow cytometry, imaging, mass spectrometry or 

immunopeptidomic studies can provide an unprecedented view of the composition, 

function, and location of immune cells within the tumour microenvironment (De 

Filippis et al., 2022; Yadav et al., 2014). 
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1.1.4 Immunotherapy 

 

The immune system has been known to play an important role in the control 

of tumorigenic cells. The main reason why tumours are not recognised by the 

immune system is that, unlike pathogens, they do not express potent tumour 

rejection antigens. Therefore, the focus of the novel therapeutic approaches is to 

stimulate the patients’ own immune system to eradicate cancer. Vast majority of 

immunotherapeutic studies focuses on CD8+ T-cells, that recognise antigenic 

peptides presented by MHC class I complex. Once activated, T cells undergo clonal 

expansion and differentiation into cytotoxic T lymphocytes (CTL), that are able to 

pick out and kill cancerous cells. 

It has been shown that tumour microenvironment can adopt many strategies 

to inhibit antitumour immunity and finally achieve immune escape (M. Liu & Guo, 

2018). One of these strategies focuses on the expression of inhibitory ligands that 

bind to the so-called ‘immune checkpoints’ expressed on immune cells, this leads to 

induction of inhibitory signals interfering with T-cell activation and function. There-

fore, discovery of drugs preventing malignant cells from downregulating host cell 

immune responses, immune checkpoint inhibitors (ICI), has been a revolution is 

cancer immunotherapy (M. Liu & Guo, 2018). 

The first ever ICI introduced to clinic was monoclonal antibody ipilimumab, 

that targets cytotoxic T-lymphocyte-associated antigen 4 (CTLA-4) (Phan et al., 

2003). CTLA-4 is expressed on some T cells, such as regulatory T cells, which regu-

late self-tolerance (Oshi et al., 2020), as well as activated CD4+ T cells (Van Allen et 

al., 2015), which are responsible for generation of antitumor activation of the immune 

system . Expressed on tumour cells CTLA-4 allows tumours to escape the immune 

response. Therefore, the overall effect of CTLA-4 inhibition is an increase in the im-

mune system’s ability to recognize and eliminate cancer cells. It has been demon-

strated that patients with tumours displaying high somatic mutational burden, such 

as melanoma, show a more favourable response when treated with PD-1 or CTLA-4 

immunotherapy (Rizvi et al., 2015; Snyder et al., 2014). Despite association with the 

clinical response, high mutational burden alone is not sufficient to clearly point to the 

immune checkpoint benefits. 
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  Another breakthrough in immunotherapy field, was a development of the anti-

programmed cell death protein 1 (anti-PD-1) antibody Nivolumab, that received FDA 

approval in 2011 (D’Angelo et al., 2018). Expression of programmed death-ligand 1 

(PD-L1) on tumour cells, leads to inhibition of the PD-1 expressing activated T-cells, 

weakening their function, decreasing cytokine production, and on result allowing the 

tumour cell to escape attack by the body’s immune system. Studies demonstrate 

immune checkpoint inhibition therapy targeting PD-1 and PD-L1 significantly im-

proved overall survival rate of patients with melanoma (30-40%), Hodgkin’s lympho-

ma (80–90%), non-small cell lung cancer (15–20%) and others (Topalian et al., 

2012). The activity of anti-PD-1 relies on the presence of antigen-specific T cells at 

the tumour site and rescuing T cells against tumour antigens spontaneously induced 

by the tumour. This leads to the conclusion that combining anti-PD-1 with cancer 

vaccine would boost already present antitumour T cells and trigger ‘de novo’ T cells 

for improved response rate. 

  

ICI challenges and response markers 

 

Despite being an advanced therapeutic option, only 20–30% of patients with 

cancer show response to ICI treatments (Snyder et al., 2014). Due to complexity of 

the immune system, it is difficult to predict these responders before treatment. Sev-

eral factors are being discussed that might influence the clinical outcome. HLA-DR 

expression status has been proposed as one of the response markers. This protein 

is the main molecule involved in MHC-II antigen-presenting pathway and its expres-

sion has been discovered in some cancer cells, strongly correlating with the efficien-

cy of anti-PD-1 therapy (Johnson et al., 2016). Higher response to immunotherapeu-

tic treatment has been seen in cancers associated with oncogenic viruses (like hu-

man papillomavirus (HPV), Epstein Barr virus) . This phenomenon has been related 

to generation of viral antigens and elevated PD-L1 expression in cancer cells (Had-

dad et al., 2022). 

Gong et al, focused their efforts on using bulk and single-cell transcriptomic 

data from cohorts of melanoma patients undergoing treatment with ICI to create a 

computational model that creates clusters based on the expression of an antigen-

presenting machinery (APM) signature consisting of 23 genes (Gong & Karchin, 

2023). Scientists were able to distinguish four APM clusters associated with distinct 
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immune characteristics, cancer hallmarks, and patient prognosis. The role of this 

model was to predict differential regulation of APM genes during ICI treatment, which 

drove ICI responsiveness. Interestingly, while tumours described as immunogenical-

ly hot with high baseline APM expression prior to treatment were correlated with a 

better response to ICI than cold tumours displaying low APM expression, research-

ers identified a subset of hot tumours with the highest APM expression before treat-

ment, that failed to upregulate APM expression during treatment. Additionally, these 

lesions displayed infiltration of exhausted T cells. However, tumours associated with 

the best patient prognosis demonstrated significant APM upregulation and immune 

infiltration following treatment. The study provided some interesting insights into the 

immune escape mechanisms detected in hot tumours that compromise the efficiency 

of immune checkpoint blockers (Gong & Karchin, 2023).  

 It has been shown that disorganized tumour vasculature vessels impede 

CD8+ T cell migration into tumour microenvironment, disable their effector functions, 

and even lead to T cell death (W. S. Lee et al., 2020). Moreover, VEGF, the key fac-

tor driving angiogenesis, disturbs maturation of dendritic cells, resulting in inhibition 

of T cell priming (Yang & Cao, 2022).  

Meanwhile, protumoural M2-like macrophages as well as helper T-cells 2 

(TH2) and regulatory T cells (Tregs) secrete factors accelerating uncontrolled angio-

genesis and promote vascular immaturity (W. S. Lee et al., 2020). On the other 

hand, CD8+ T and CD4+ TH1 cells have been shown to suppress angiogenesis and 

promote vascular maturation by IFN-γ secretion, however due to malformed tumour 

vasculature they are unable to infiltrate the TME (W. S. Lee et al., 2020). These 

studies opened the gate for novel therapeutic approach that would focus on simulta-

neous targeting of tumour vessels and immunity for cancer immunotherapy (W. S. 

Lee et al., 2020).  

Other immunotherapeutic strategies 

Aside of immune checkpoint inhibition, there are other cancer immunotherapy 

strategies that have found their place in clinics. Such as adoptive T-cell transfer 

(ACT) therapy, which involves boosting the natural ability of T cells to fight cancer. In 

this strategy, immune cells are sourced either from tumour as tumour-infiltrating lym-

phocytes (TILs) or from peripheral blood. After harvesting, T cells undergo activation 
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and expansion, before getting injected into patient’s bloodstream (Lauss et al., 

2017). ACT have demonstrated very high response rates in clinical trials with long-

lasting complete tumour regression up to 20–25% of treated patients (Lauss et al., 

2017; Svane & Verdegaal, 2014). However, just like with ICI, prediction of patient re-

sponse is a complex subject. Lauss et al. studies patient’s whole exome and tran-

scriptomic data to find molecular characteristics correlated to the clinical benefit. Sci-

entists demonstrated that improved progression-free and overall survival in response 

to ACT was associated with significantly higher mutation and predicted neoantigen 

load. Additionally, expression of immune activation signatures including a high MHC-

I antigen processing and presentation score were also found to contribute to clinical 

benefit (Lauss et al., 2017). 

When mentioning utilizing transfer of immune cells in therapy, we cannot for-

get about the revolutionary strategy of chimeric antigen receptor T cell (CAR T) 

treatment. CAR T approach combines the specificity of a monoclonal antibody tar-

geting a cell surface antigen with the benefits of an ongoing T-cell-mediated re-

sponse (Littman & Hexner, 2017). Collected T cells undergo retro- or lentiviral trans-

duction with genetic constructs that carry tumour-specific extracellular antigen recep-

tors with the intracellular workings of a T cell, that include T-cell costimulatory do-

main. These constructs allow for engagement of the CAR with a target cell leading to 

activation and proliferation of CAR T cells. After manufacturing, CAR T cells are in-

fused back into the patient from whom the cells were collected in hopes for targeting 

and selectively eliminating tumour cells. Many ongoing clinical trials investigate the 

use of different extracellular domains for use in CAR to induce to most efficient anti-

tumour response (Littman & Hexner, 2017). The approval of the first CAR T cell 

therapy was a landmark event in cell and gene therapy and provided a new para-

digm for the treatment of many different diseases, harnessing the intricate and pow-

erful effects of naturally occurring T cells and redirecting their response towards cho-

sen targets. 

Peptide vaccines are a promising direction to create a precision 

immunotherapeutic approach for cancer, autoimmune diseases, and allergies (Calvo 

Tardón et al., 2019). Tumour vaccination’s aim is to stimulate an immune response 

targeted to, mostly weak, antigens expressed by tumour cells. The main challenge of 
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effective vaccination is to find potent and broadly expressed target, that would 

stimulate a robust and durable immune response. The evolution of novel 

technologies such as next-generation sequencing has improved our ability to search 

for new immune targets such as mutation-derived antigens (neoantigens) and 

accelerated the development of novel immune therapies. 

Current strategies of cancer vaccination involve the use of different carriers, 

such as cationic lipids with mRNAs encoding tumour antigens, RNA-lipoplexes 

(Kranz et al., 2016), adenoviruses (D’Alise et al., 2019), nanoparticles, plasmid DNA 

and many others (Gilboa, 2016; Paston et al., 2021).  

The most common approaches to cancer vaccination, including melanoma 

vaccines, utilize shared tumour-associated antigens (TAAs) that are self-antigens 

abnormally expressed or overexpressed in tumours (Vansteenkiste et al., 2016). 

However, due to presence of immune tolerance therapeutic vaccines based on TAAs 

have been largely unsuccessful (Vansteenkiste et al., 2016). Additionally, these 

antigens are also expressed by non-malignant cells, which increases the risk of 

vaccine-induced autoimmune toxicities. 

This led to development of more tumour-specific strategies involving 

neoantigens as their target. Subject of neoantigen discovery and characteristics will 

be explored in detail in the next chapters. First demonstration of the antitumour 

efficacy of a neoantigen-based vaccine was reported in the B16F10 melanoma 

model by Castle et al (Castle et al., 2012). Researchers identified 563 neoantigens 

expressed in studied model. The ability to induce immune response was evaluated 

by immunizing mice with long peptides encoding the mutated epitopes. 

Later, Yadav et al, combined exome sequencing and mass spectrometry approach 

to identify neoantigens in MC38 tumour model (Yadav et al., 2014). Vaccination of 

mice with designed peptide vaccine confirmed immunogenicity and tumour control 

yielding therapeutically active T-cell responses. (Yadav et al., 2014). 

The work by D’Alise et al. on viral vector-based vaccines carrying multiple tumour 

neoantigens showed that immunization with the adenoviral construct encoding 31 

neoantigens selected from the CT26 cells induced a robust CD8+ and CD4+ T-cell 

response and along with anti-PD-1 strategy lead to eradication of large established 

murine lesion (D’Alise et al., 2019). 
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Some success stories in the cancer vaccine field passing the FDA approval 

are: the use of Bacillus Calmette–Guerin (BCG) for local treatment of early-stage 

bladder cancer (Guallar-Garrido & Julián, 2020), and Sipuleucel-T, an autologous 

dendritic cell-based vaccine, for treatment of castration-resistant prostate cancer 

(Kantoff et al., 2010). Luckily, in recent years the number of therapeutic approaches 

harvesting the power of immune system have been stably increasing their presence 

in the clinical trials. 

The success of cancer immunotherapy also relies on the understanding of 

tumour microenvironment and the immune evasion mechanisms in which the 

tumour, infiltrating immune cells, and stroma interact with each other creating a 

complex network (Labani-Motlagh et al., 2020). Although application of 

immunotherapy has been increasing over the years, we are still far from 

understanding how to use different anticancer strategies in the most efficient way 

and how to combine different therapeutic options to optimise clinical outcome. 

 

1.2 Neoantigens 

 

Most components of the immunopeptidomic landscape derive from ‘normal’ 

self-proteins processing and only small fraction originates from tumour-associated or 

tumour-specific proteins (Chen et al., 2019). Tumour-associated antigens (TAAs) are 

described as normal and unaltered proteins that are constitutively expressed or 

overexpressed in tumour cells but are also shown at lower levels in healthy cells. 

Some TAAs can be a product of genes normally expressed by cells during 

embryonic development, but not present in adult tissues, such as cancer/testis 

antigens (CTAs) (J. Liu et al., 2019). 

Tumour-specific antigens or neoantigens are defined as proteins or other 

molecules that are found only on cancer cells and not on normal cells. Neoantigens 

can form when cancer cell-specific mutations occur that result in alterations of the 

protein from ‘self’ (Chen et al., 2019). Because neoepitopes are not presented by 

normal counterpart cells, or thymic epithelial cells, T cells recognising the 

neoepitopes are not subject to central tolerance in thymus. Hence, it is conceivable 

that neoantigens containing neoepitopes are in charge of eliciting strong and specific 
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host T cell responses against cancer (Kanaseki et al., 2019). Those tumour-specific 

markers can function as immune stimulatory vaccines and that property has been 

utilized in clinics. 

 

1.2.1 Sources of neoantigens 

 

The advances in deep sequencing and immunopeptidomic technologies 

allowed for a multi-dimensional identification of tumour-specific mutations that give 

rise to neoantigens. Main source of these immunogenic peptides are somatic 

nonsynonymous mutations in the expressed genes (Apcher et al., 2011). These 

changes can be identified on DNA and RNA level and the presence of neoantigen 

confirmed by mass spectrometry techniques. 

However, exome accounts only for 2% of human genome, whereas up to 75% 

of the genome can undergo transcription and potentially translated into protein 

Figure 1.4 Sources of neoantigens. These immunogenic peptides have been found to 

be originating from various of sources, which include coding, non-coding sequences, 

translational errors, aberrant splicing events and many other.  
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(Animesh et al., 2022). Therefore, it has been demonstrated that numerous 

neoantigens can also originate from non-protein-coding regions (Laumont et al., 

2018). So-called cryptic or noncanonical antigens can be derived as a result of 

posttranslational modifications, ribosomal frameshifting, RNA editing, intronic 

retention, codon readthrough, proteasomal splicing of peptides or altered antigen 

processing (Animesh et al., 2022; Bedran et al., 2022; Smart et al., 2018). 

Furthermore, some peptides can arise from translation of long noncoding RNAs 

(lncRNAs) and even pseudogenes (Figure 1.4). 

 

 

Non-coding regions 

It has been shown that some tumour-infiltrating lymphocytes recognise 

cancer-restricted non-mutated peptides bound to MHC (Laumont et al., 2018). These 

antigens can originate from a variety of genetic and epigenetic modification that 

forced the transcription and translation of genomic sequences normally not 

expressed in cells, such as endogenous retroelements (EREs). Laumont et al. 

studying murine datasets in search for tumour specific antigens, recognised that 

most of them derive from aberrant translation events, such as out-of-frame 

translation of a coding exon or the translation of non-coding regions (Laumont et al., 

2018). Additionally, it was reported that any type of non-coding region can be a 

source of neoantigen: intergenic and intronic sequences, untranslated region/exon 

junctions, noncoding exons, and EREs, which showed to be a specifically rich source 

of tumour specific antigens. Scientists also identified novel antigen derived from 

structural variant, a very large intergenic deletion (Laumont et al., 2018).  

 

Alternative splicing events 

A pan-cancer TCGA study demonstrated a potential involvement of alternative 

splicing events in neoantigen production by detection of cancer-specific exon-exon 

junctions and confirming the expression of peptides originated from alternatively 

spliced transcripts using a proteomics database (Smart et al., 2018). Aberrant RNA 

splicing leads to generation of different mRNAs or transcripts containing introns. 
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Genome-wide analyses of alternative splicing shows that 40%-60% of human genes 

undergo alternative splicing, contributing to functional complexity of the human 

genome (Cheng et al., 2022). Aberrant splicing events in cancer cells can result in 

the translation of abnormal mRNAs into proteins or peptides presented by MHC 

class I molecules to T cells that can be detected by the immune system (R. F. Wang 

& Wang, 2017). Therefore, inhibition of splicing increase intron encoded peptides 

that leads to neoantigenic enrichment and potentially stimulating the antitumorigenic 

immune response. One of the drugs used for that purpose is Isoginkgetin that 

inhibits the function of both the major and minor spliceosomes (Tsalikis et al., 2019). 

Isoginkgetin has been also utilised in this study to expand landscape of potential 

neoantigens. 

Splicing errors can lead to inclusion of an intron in the final mRNA transcripts, 

intron retention (IR). This phenomenon is an important mechanism for neoantigen 

prediction because many intron-retaining neoantigens have been detected by 

transcriptome sequencing and mass spectrometry (Smart et al., 2018). These 

aberrant mRNAs are translated and usually degraded by nonsense-mediated decay 

(NMD) pathway, therefore generating peptides for endogenous processing, 

proteolytic cleavage, and presentation on MHC-I molecules (Smart et al., 2018). 

Considering the fact, that introns are much longer than exons and are under less 

selective pressure to maintain open reading frames, there is a high chance that an 

IR transcript carries a PTC, and therefore is a good candidate for degradation via 

NMD pathway (Broseus & Ritchie, 2020). Intron retention is a common phenomenon 

in a wide variety of malignancies, such as pancreatic cancer, where high levels of 

transcripts with introns correlate with tumour progression (X. Dong & Chen, 2019). 

Dong et al found that in the presence of low tumour mutational burden, neoantigens 

originating from intron retention contribute to immune-mediated clearance of 

pancreatic cancer cells. In studied model, intron retention accounted for 16.5% of all 

alternative splicing events, which was second behind skipped exon (56%) (X. Dong 

& Chen, 2019). All together implied that IR-neoantigen load may affect the immune 

cell composition of the tumour microenvironment. These features also correspond 

with better prognosis and alongside expression of HLA-I could become a useful 

biomarker for selecting patients who may benefit from immune-checkpoint inhibitor 

treatments.(C. Dong et al., 2022). Cheng et al. showed computational strategies to 
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identify neoantigens originated from alternatively spliced transcripts, proposing a 

conceptual pipeline for the development of mRNA vaccine (Cheng et al., 2022). 

  

RNA editing 

Deregulation of RNA editing, as described previously, contributes to different 

types of human diseases, including cancers. Therefore, peptides translated from 

edited RNAs, edited peptides, may be presented on MHC becoming neoantigens. 

Zhang et al identified using mass spectrometry five edited peptides originated 

from three editing sites (M. Zhang, Fritsche, et al., 2018). Comparative quantification 

between a set of tumour and healthy tissues allowed for assessment of potential 

tumour correlation. The edited peptides were elevated beyond normal levels in 7% of 

all tumours. RNA editing products, particularly the CCNI-ED10 peptide, were 

identified as immunogenic and therefore presented on HLA able to stimulate T cell 

immune responses (M. Zhang, Fritsche, et al., 2018). The study was a confirmation 

of another mechanism of neoantigen origin. 

 

DRIPs 

In the late 1980s, Thierry Boon and his team observed that cells transfected 

with tumour DNA fragments without a promoter sequence or carrying a frameshift or 

a termination codon upstream of the antigen coding sequence, could still be 

recognized by tumour antigen-specific CD8 + T cells (Boon et al., 1989). This 

discovery led to conclusion that the MHC-I peptides can be derived from small 

regions of the genome located in proximity to the antigen sequence and can be 

translated independently from the production of full-length transcripts or the 

corresponding protein. The concept was also supported by studies demonstrating 

that some tumour-infiltrating lymphocytess are able to recognise antigens derived 

from intronic sequences (Coulie et al., 1995), or alternative open reading frames 

(Rosenberg et al., 2002). In the mid-90s it was postulated that antigenic peptides for 

presentation on the MHC-I pathway can also originate from an unidentified source 

termed defective ribosomal products, or DRiPs (Yewdell et al., 1996). As DRIPs 

could be classified polypeptides produced as part of the pioneer round of translation, 
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premature termination of translation, and proteins that fail to fold properly or to 

assemble into their protein complexes. 

Wei et al. demonstrated that ribosome modifications can selectively modify 

the generation of antigenic peptides derived from DRiPs, which raised the possibility 

of therapeutically manipulating DRiP translation to regulate immunosurveillance of 

pathogens, tumours, and autoantigens (J. Wei et al., 2019). Scientists reported that 

control of peptide generation lead by ribosome protein RPS28 links to cancer 

immunosurveillance, which suggests that mutations in ribosomal proteins common in 

cancers may be selected for immunoevasion from CD8+ T cells or NK cells (J. Wei 

et al., 2019). 

MHC class I molecules allow CD8+ T cells to detect and eliminate cells in 

which the repertoire of antigens has been changed by the presence of viruses or 

other mechanisms altering the presentation of endogenous peptides (J. Wei et al., 

2019). These antigenic peptides typically undergo proteasomal degradation, 

transport by TAP (transporter associated with antigen processing) into the 

endoplasmic reticulum (ER), trimming at their N-terminus, after processing peptides 

get loaded onto MHC class I molecules, and transported to the cell surface (Peters 

et al., 2003). However, despite playing a crucial role in immune surveillance, the 

origin of peptides presented by MHC class I molecules is still understudied. 

The detection of peptides bound by MHC class I molecules is a highly 

sensitive process. Activation of specific T cells requires recognition of only a few 

peptide–MHC class I complexes and therefore can detect rare peptide products 

originated from noncanonical translation during the mRNA maturation process. 

Apcher et al., reported that pioneer translation products (PTPs) one of the substrates 

for MHC-I are produced by translation that is different to canonical event giving rise 

to full-length proteins (Apcher et al., 2011). Studies show that this translation event 

does not require the cap-binding translation factor eIF4E to occur and that mRNAs 

which stopped producing antigens for the MHC class I pathway still are able to 

produce full-length proteins (Apcher et al., 2011).  

Studies indicated that synthesis of antigenic peptide substrates occurs on 

non-spliced transcripts and relies on whether the epitope is in frame with the start 

codon of the main open reading frame (ORF), which supported the hypothesis that 
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scanning of pre-spliced mRNAs by a noncanonical translation event lead to 

production of PTPs that form an important source of epitopes for the MHC class I 

pathway (Apcher et al., 2011). Scientists observed that inhibition of splicing 

machinery by drug isoginkgetin increased antigen presentation (Apcher et al., 2013). 

The base of this phenomenon has also been explored in the presented work. 

The identification of immunogenic peptides, whatever their source, holds a 

great promise to development of efficient and targeted immunotherapeutic 

approaches. 

 

 

1.2.2 Neoantigen discovery pipelines 

 

The success of immune checkpoint antibodies indicate that the immune 

system can serve as a therapeutic tool. Studies demonstrate that tumours with high 

mutational burden and high numbers of predicted neoantigens have a more 

favourable response to immune checkpoint inhibitors (Animesh et al., 2022). 

Neoantigen cancer therapeutics are expected to be of benefit in cancers with a 

defined mutagen load or defined chromosome instability that generate novel 

fusion/mutant antigens. That is why, in order to improve the efficacy of the 

immunotherapeutic approach, it is crucial to better understand what are the 

characteristics of cancer cells that allow the immune system to recognise them as 

foreign. 

Variant discovery 

First step of neoantigen discovery pipeline requires identification of somatic 

mutations found in cancer. Most approaches include studies of DNA and/or RNA to 

detect variants on the genomic and transcriptomic level (Rezaei et al., n.d.; Sahin et 

al., 2017). Computational methodologies as applied to the cancer research field are 

emerging as approaches to define the expressed, mutated genome.  

With achievements in sequencing technologies there has been also a plethora 

of software developed for comparisons of somatic changes to reference sequences. 

In the field of cancer studies, the most commonly used variant detectors are Mutect, 
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Varscan and CLC Bio (Benjamin et al., 2019, 2019; Faktor et al., 2018). As part of 

Genome Analysis Toolkit (GATK) Mutect 2 is coding-based software that utilizes 

several probabilistic models for genotyping and filtering, which could be used with 

and without a matched normal sample (Benjamin et al., 2019). However, without a 

doubt more user-friendly software is CLC Bio, which has been developed by Qiagen. 

CLC Bio is an integrated DNA and RNA variant identification software platform that 

allows for a comprehensive and accurate data analysis for genetic aberrations, 

transcriptomic analysis and many more (Faktor et al., 2018). A big advantage of the 

CLC bio application is that it is a software that does not require computational 

coding, which as a result opens the door for life-scientists to identify tissue or cell-

specific variants relevant to the studied biological system. 

Considerable efforts are being devoted to discovering neoantigenic peptides 

efficiently stimulating immune response that can be utilised in therapeutic cancer 

vaccines (Ashi et al., 2022). In silico prediction of neoantigens originating from 

mutated genes involves, identification and annotation of mutations found through 

whole-genome sequencing (WGS) or whole-exome sequencing (WES) data by 

comparison with normal tissue or publicly available reference data. WES or RNAseq 

are also use for genotyping of the patient’s HLA genes (Finotello et al., 2019) . 

Knowing patient’s HLA expression helps in prediction of peptides able to bind to 

these molecules. WES provides the deepest mutation coverage, however limiting the 

assay only to protein-coding regions may also restrict the number of predicted 

peptides originating from non-coding regions (Finotello et al., 2019). This provides an 

argument for identification of mutational changes found in both DNA and RNA. 

 

Neoantigen predictions 

 Binding of peptides to HLA molecules can be predicted by various tools, that 

use machine-learning approach trained on data sets from large in vitro peptide–HLA 

binding studies (Jurtz et al., 2017a; X. Zhang et al., 2023). The most widely used 

methods are NetMHC and NetMHCpan, both based on artificial neural networks 

(Jurtz et al., 2017a). Binding affinity here is predicted as the half-maximal inhibitory 

concentration (IC50) represented in nanomolar units. To account for allele-specific 

bias the rank of predicted affinity is compared with a set of random natural peptides. 
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Peptides are classified as strong binders when their binding affinity is lower than 

500nM or if they rank 0.5%. Recent advancements allowed for development of an 

improved tool NetMHC 4.0 in which the binding prediction algorithm is trained on 

binding affinity and eluted ligand mass spectrometry data, leveraging the information 

from both data type (Jurtz et al., 2017a). 

 With the identification of functional neoantigen-specific T cell receptors (TCR) 

a huge number of data has been gathered thus, to unify the knowledge NeoTCR 

database has been developed (Zhou et al., 2023). This immunoinformatic database 

collected publicly available analysis of TCR sequences with neoantigen specificities 

as well as characteristics of targeted peptides, from experimentally supported 

studies across variety of cancer subtypes. NeoTCR uses raw sequencing data to 

identify neoantigen specific TCRs, their clonotypes and excludes bystander viral-

associated T cell receptors (Zhou et al., 2023). 

 Presentation of antigenic peptides requires transport from cytoplasm to 

endoplasmic reticulum (ER) by transporter associated with antigen processing (TAP) 

(X. Zhang et al., 2023). Bioinformatic approach platform DeepTAP has been applied 

for prediction of neoantigen presentation (X. Zhang et al., 2023). This software 

utilizes a sequence-based multi-layered recurrent neural network for estimation of 

TAP-neoantigen binding (X. Zhang et al., 2023). These studies show the increased 

interest in application of more advanced computational and machine learning 

methods neoantigen discovery. 

In most studies neoantigen detection is based on predicted affinity of HLA 

molecules (Jensen et al., 2018; Jurtz et al., 2017b; O’Donnell et al., 2018). And 

although it could give a forecast of the potential neoantigen load, it does not reflect 

the in vitro state. Interestingly, only ~1–5% of the MHC class I binders predicted 

using different computational tools have been experimentally validated (Finotello et 

al., 2019). It is due to the fact that available computational methods may predict 

MHC binding, but they cannot predict other steps involved in MHC peptide 

processing. To overcome this limitation, the emerging field of immunopeptidomics 

comes to place. Direct detection of neoantigens by mass spectrometry is becoming a 

feasible method (Bassani-Sternberg et al., 2016). 
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One of the obstacles facing neoantigen prediction algorithms from the 

translational point of view is ensuring that potential vaccine epitopes are presented 

to T cells by MHC, what requires accurate predictions of proteasomal cleavage 

(Ziegler et al., 2022). Experimental procedures identifying proteasomal cleavage in 

vitro are inefficient and low throughput, however thanks to recent advances in high-

throughput MHC ligandomics, it is possible to predict cleavage events from the 

termini of MHC-presented epitopes (Ziegler et al., 2022).  

Identification of truly tumour specific antigens, that are shared among 

patients, expressed in all malignant cells and immunogenic is crucial to rapidly 

advance the development of cancer vaccines. 

 

1.2.3 Proteogenomics 

 

Mass spectrometry (MS) methods have many applications, including 

exploration of proteomics field from the first demonstration of peptide sequencing in 

1970s (Nau & Biemann, 1976). Traditionally, mass spectrometry analysis output 

consists of a list of detected peptides and proteins they derive from. The abundance 

of each analyte is calculated by substation of the background signal from the peak 

area of the identified ion chromatogram(s). Determination of the peak area varies 

with the method used. It can be obtained from the unfragmented MS1 spectra or 

from tandem mass spectra (MS/MS or MS2) collected using methods like data 

independent acquisition (DIA) or data dependent acquisition (DDA) (Figure 1.5) 

(Reynisson et al., 2020). The peak area of detected ion chromatogram derives from 

the detector ion current, which is a measure of the number of charged molecules 

identified normalized by the time of signal sampling, therefore the measured signal is 

proportional to ions/second (Reynisson et al., 2020).Technology shift allowed for 

establishing a new field, proteogenomics, which focuses on combining mass 

spectrometry acquisition with information gathered by next generation sequencing 

(Kanaseki et al., 2019). Standard shotgun proteomic methods base peptide 

sequencing on matching tandem MS spectra from analysed sample to a reference 

protein sequence database (for example, UniProt), limiting peptide identification to 

only those encoded by the canonical reading frame of classic exons. Whereas in 
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proteogenomic studies, peptide sequencing is achieved by searching customized 

databases that include the six-frame translation of genomic or transcriptomic 

sequences, allowing for identification of peptides originated from all reading frames 

of any genomic region (Laumont et al., 2016). 

Proteogenomic field enabled detection of peptides from regions that were 

classified as non-coding, such as non-coding RNAs, and are therefore not included 

in annotated protein databases (Xiang et al., 2021). Moreover, non-coding regions 

including long noncoding RNAs, short open reading frames (ORFs) and 

pseudogenes, were found producing proteins after all. Moreover, numerous peptides 

were shown to originate from non-canonical reading frames with non-AUG start 

codons (Ingolia et al., 2014).  

There are several platforms developed recently for integration of DNA, RNA 

and protein data. ‘Proteoformer’ produces a complete protein synthesis database 

that can be used to identify peptides with mass spectrometry through the use of 

ribosome profiling (Verbruggen et al., 2019). The limitation of this approach is that 

Figure 1.5 Schematic comparison of the DDA and DIA mass spectrometry methods. A) In Data Dependent Acqui-

sition approach, the most abundant precursor ions are selected based on the survey scan (MS1) and these selected 

ions are later fragmented in MS2, B) In Data Independent Acquisition method the survey scan provides a snapshot of 

the precursor ions (MS1). Pre-defined wide isolation windows cover the whole MS1 m/z range and all precursor ions 

within each isolation window are fragmented in MS2. 
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living cells are required to isolate bioactive ribosomes and this method might not be 

utilized for analysis of frozen tissues from the clinic. Other tool focuses on 

automation of spliced variants detection in cell systems which is especially powerful 

in cancer genomes where there might be DNA fusions, cancer-specific splicing, and 

trans-splicing (Krasnov et al., 2015). Spliced variant detection algorithms are always 

improving, especially those that capture the pathological, heterogeneous splicing 

specific to cancer cells. Development of novel R-packages iterates innovations in 

identifying expressed mutated genes (Wen et al., 2014). Translation toolkits have 

been generated that aim to produce a theoretical total polypeptide space of a 

genome using RNAseq that captures six-frame genome translation (Zickmann & 

Renard, 2015). These examples highlight the types of several bespoke algorithms 

that generate cutting-edge information on the proteogenomic landscape. As the 

diversity in software and computational tools tend not to be benchmarked against 

each other, end-user compatibility, especially crossing different disciplines, can be 

limited or non-accessible. 

Emerging proteogenomic analyses led to conclusion that the proteome is 

more complex than previously thought. It has been also hypothesised that 

proteogenomics allows to discover the contribution of proteins translated from non-

canonical mRNAs to the repertoire of major histocompatibility complex (MHC) class 

I-associated peptides (Laumont et al., 2016). These endogenous peptides bound to 

MHC are collectively referred to as the immunopeptidome and will be discussed in 

the next chapter. 

 

1.2.4 Immunopeptidomics 

 

Immunopeptidomic studies focus on identification and quantification of 

sample-specific repertoires of MHC-presented peptides following purification and 

measurements with liquid chromatography coupled with mass spectrometry. 

Immunopeptidome sequencing was pioneered by Hunt et al. in the 1990s (Hunt et 

al., 1992).  

Elution HLA-bound peptides from tumour cells and subjecting these to mass 

spectrometry analysis, allows for the identification of peptide sequence by matching 
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the resulting spectra against reference databases (Fujiwara et al., 2022). Isolation of 

MHC-bound peptides (MBPs) has been performed mainly using two established 

methods named immunopurification/immunoprecipitation (IP) and mild acid elution 

(MAE). IP is an antibody-dependent method, that utilizes HLA-specific antibodies 

that recognize the pan-MHC or specific HLA alleles. Fujiwara et al, utilized 

immunoprecipitation to identify HLA class I (HLA-I) and HLA class II (HLA-II)-

restricted peptides from pancreatic ductal adenocarcinoma patient biopsies using 

affinity purification columns and MS peptidome analysis (Fujiwara et al., 2022). 

Scientists detected T cell epitopes shared across multiple patients with expression of 

different HLA types and those containing sequences of both anti-HLA-I and HLA-II 

peptides. Epitopes identified in the study bound non-matched HLA molecules and 

activated T cell response in peripheral T cells from both HLA-type matched and non-

matched patients. Additionally, peptides that contained HLA-I and HLA-II epitopes 

were able to induce polyfunctional cytokine responses in peripheral T cells (Fujiwara 

et al., 2022). Immunoprecipitation enables identification of a higher number of MHC 

peptides; however, it usually requires the use of more than 100 million antigen-

presenting cells (APCs), which can be a limiting factor with the amount of the sample 

available from patients. 

In late 80’s a simple and reproducible method to eliminate the antigenicity of 

MHC I molecules was introduced, called mild acid elution (Shunji Sugawara et al., 

1987). The essence of this approach is incubation of the viable cells in a citric acid 

buffer (pH 3), which leads to effective elution of MHC I molecules. Interestingly, it 

has been noticed that neither MHC class II antigens nor other non-MHC antigens 

were removed from the cell surface when using this technique (Shunji Sugawara et 

al., 1987). 

Most immunopeptidomic analyses are discovery-oriented, and therefore data-

dependent (DDA) MS acquisition is most common (Kote et al., 2020). These 

approaches allow for generation of high-quality references of peptide tandem mass 

spectrometry (MS/MS); however, the downfall is their low sensitivity and 

reproducibility between samples. Use of tandem MS (MS/MS) tools, like Peaks 

software (B. Ma et al., 2003), means that the method depends on a user’s protein 

database to match each acquired MS/MS spectrum to a peptide sequence. In DIA 

approach, all ion precursors are detected and fragmented in an unbiased way within 
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isolation windows. Therefore, peptide identification rate, reproducibility and 

quantitation across multiple samples can be boosted by DIA methods (Kote et al., 

2020). However, in clinical setting, the amount of HLA peptides eluted from biological 

samples such as small tissue biopsies is not sufficient to acquire both DDA data 

essential for generation of comprehensive spectral libraries and DIA MS 

measurements, the application of DIA in the immunopeptidomics translational 

research domain has remained limited (Pak et al., 2021). Pak et al. proposed a novel 

approach, where they used multi-HLA library for DIA method in combination with 

MS/MS prediction (Pak et al., 2021). They showed that, analysis of DIA 

immunopeptidomics data against a complex multi-HLA spectral library increases 

peptide identification by two-fold when compared with sample-specific library, 

whereas compared with DDA, a three-fold increase was seen. What lead to 

conclusion that a comprehensive multi-HLA library for DIA approach in combination 

with MS/MS prediction is highly advantageous for clinical immunopeptidomics, 

especially when low amounts of biological samples are available (Pak et al., 2021). 

As previously mentioned, reference proteome does not account for tumour 

specific antigens and therefore custom databases derived from RNAseq should 

contain even unannotated proteins expressed in the measured tumour sample (Kote 

et al., 2020). Creating a hybrid approach that integrates both spectral library and 

database search was reported to improve quantitative precision and increase the 

number of quantified peptides (J et al., 2019). Matching spectra against extensive 

noncanonical reference database may lead to generation of false positives, however 

combination of sensitive mass spectrometry methods, analytical validation and 

advance bioinformatic tools are expected to reveal the full landscape of presented 

antigens and clinically relevant targets (Chong et al., 2021). 

Aside of direct detection of immunopeptides by mass spectrometry, a number 

of predictive tools exists to identify genomic and transcriptomic mutations that would 

be presented to the immune system, such as PVacTools (Hundal et al., 2020). This 

software can be used to establish variants producing peptides likely to be presented 

in the immunopeptidome, as well as to confirm those that have affinity for MHC (Kote 

et al., 2020). Additionally, application of machine-learning tools to predict MS/MS 

spectra, such as the publicly available Prosit software with DIA-based approach 
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could potentially allow for the discovery of entirely novel sequences (Gessulat et al., 

2019). 

Many steps of the MHC class I antigen processing pathway can be predicted 

using computational methods, including prediction of the proteasomal cleavage 

(Nielsen et al., 2005), transport into the ER by TAP (Peters et al., 2003), peptide-

MHC binding, and predicting the stability of the peptide-MHC complex (Rasmussen 

et al., 2016). However, the most discriminative tools in predicting immunogenic 

epitopes are those calculating potential peptide-MHC binding (Koşaloğlu-Yalçın et 

al., 2022). 

There are still many challenges facing precise identification of tumour specific 

peptides bind to HLA and are able to mediate T cell-based tumour rejection. To date, 

mass spectrometry is the only analytical method that enables the direct identification 

of the HLA-bound peptide repertoire in vivo. Immunopeptidomic discoveries use to 

be only limited to using the standard, available protein sequence database, that 

include mostly proteome-derived sequences (Chong et al., 2021). However, thanks 

to advances in proteogenomic field recent studies improved their method by 

including protein sequences derived from the translation of transcripts identified from 

RNAseq, or ribosome profiling in their MS searches (Chong et al., 2021). This led to 

detection of novel, yet unannotated, noncanonical antigens from biological samples. 

In 2018, two murine cancer cell lines were used to validation of the existence 

and relevance of tumour-specific noncanonical peptides (Laumont et al., 2016). To 

assure tumour specificity, RNAseq reads common between transcriptome of the 

cancer cell lines and in matched murine thymic epithelial cells were removed, which 

led to identification of 21 tumour-specific murine noncanonical peptides (Laumont et 

al., 2018). 

Recent years brought revolution in immunopeptidomics field, that enabled 

discovery of noncanonical antigens—antigens derived from sequences outside 

protein-coding regions or generated by noncanonical antigen-processing 

mechanisms. However, there are still some limitations of using MS techniques in 

immunopeptidomics, including the need for a large amount of starting material or 

dependence on protein sequence databases for data analysis, which narrows down 

peptide identification to the annotated human proteome (Finotello et al., 2019). 
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These challenges can be resolved in the upcoming years with the development of 

novel sequencing approaches and improvements in sensitivity of mass spectrometry 

machines. The next decade will see the immense advantages coming from using 

mass spectrometry techniques supported by computational tools, for discovery of 

tumour-specific antigens. 

 

1.2.5 Immunogenicity 

 

Identifying peptides able to induce immune response is currently an unsolved 

problem in cancer field. Majority of neoantigens predicted in silico from mutational 

data fail to induce an immune response in vivo (Finotello et al., 2019). This creates 

the need to test experimentally neoantigens predicted computationally or derived 

from mass spectrometry data. Unfortunately, there is still a big gap in our knowledge 

when it comes to neoantigen immune responses and what drives their 

immunogenicity.  

Characteristics that have been found to correlate with immunogenicity are the 

stability of the peptide–HLA complex bond and the functional avidity of the CD8+ T 

cell receptor interacting with it (Yadav et al., 2014). Stability of the binding between 

peptide and HLA complex can be predicted in silico using tools such as publicly 

available NetMHC, described in previous chapter. Collaborative consortium such as 

the Tumour Neoantigen Selection Alliance (TESLA) is collecting large number of 

data sets for the validation of these in silico predicted antigens helping to identify the 

best predictors of mutated peptides binding in vivo (Finotello et al., 2019). However, 

there is no currently available high-throughput that would predict the recognition of 

peptide–HLA by TCRs. Resources such as The Immune Epitope Database (IEDB) 

gather experimental data on antibody and T cell epitopes studied in humans, non-

human primates, and other animal species providing valuable information for training 

computational predictors (Finotello et al., 2019). 

Another feature that has been linked to neoantigen immunogenicity is its 

“novelty” (Blank et al., 2016). It was determined that mutations generating novel 

HLA-binding sites are more likely be immunogenic because they allow for the 

presentation of antigens never seen before by the immune system, therefore 
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inducing strong immune responses. Łuksza et al., created a prediction model that 

measures neoantigen fitness by comparing HLA-binding affinity of mutated and wild-

type peptides and by identifying sequence similarity of neoantigens to known 

immunogenic microbial epitopes (Łuksza et al., 2017). The model was used to 

predict the survival of patients treated with immune checkpoint inhibitors. 

Nonetheless, the predictive value of this method requires validation on other cancer 

types. 

Experimental evaluation of immune response to neoantigens has been 

performed using variety of methods (Chudley et al., 2014; Malaina et al., 2023). 

However, to date the most commonly used approach is measuring T-cell reactivity 

by IFN-γ ELISpot assay (Roudko et al., 2020). Interaction of neoantigen-MHC I 

complex with T cell receptors induces Tc cell priming, which results in either TNF-α, 

IFN-γ, or double TNF-α and IFN-γ cytokine responses, IL-2 secretion, and T cell 

proliferation. Level of these cytokines can be analysed through ELISA-type assays or 

binding to tetrameric peptide-MHC complexes. This last approach relies on the 

folding properties of MHC I complex with peptide or UV-cleavable substate which is 

later exchanged for the studied peptide (Roudko et al., 2020). 

Knowing that an individual amino acid within a peptide can affect its 

immunogenicity by altering peptide–MHC or peptide–T-cell receptor interactions, in 

cancer studies it is crucial to create platforms that would allow for identification of 

neoantigen able to induce anti-tumour immune response (Kalaora et al., 2016). This 

would increase the success rate of neoantigenic vaccinations as well as reduce the 

time, cost of its development.  

 

1.2.6 Neoantigen-based vaccines 

 

Accumulating genetic alterations in cancers result in the production of tumour-

specific antigens (TSAs) or neoantigens, which can be presented by major 

histocompatibility (MHC) molecules of tumour cells. Due to these characteristics, 

neoantigens have been long envisioned as the promising targets for anti-tumour 

immune response. It has been hypothesized that immunisation with neoantigens can 
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both lead to expansion of the pre-existing neoantigen-specific T cells and activation 

of a broader spectrum of new T cell specificities in cancer patients (Ott et al., 2017). 

 

As opposed to prophylactic vaccines, cancer vaccines are administered to 

patients with developed tumours. The efficiency of this therapeutic approach often 

relies on the difference in the expression of the targeted neoantigen vs tumour and 

normal cells (Ott et al., 2017).   

Characterisation and evaluation of neoantigens has only became more 

achievable with the availability of deep sequencing platform and machine learning 

approaches to predict mutated peptides with high affinity to HLA molecules. 

In recent study of Hilf et al., a neoantigen vaccination was shown to induce a 

therapeutic response in glioblastoma with low mutational load and no T cell 

infiltration (Hilf et al., 2019). Inoculation of 15 patients with two highly personalized 

vaccines activated T cell response and led to improvement in patients’ median total 

survival time to 29.0 months (Hilf et al., 2019). 

 In breast cancer, Morisaki et al. studied whole exome and RNA sequencing of 

31 breast cancer tissues and performed prediction of neoantigen determinants from 

non-synonymous single nucleotide variants (nsSNVs) among mutations found in 

exome (Morisaki et al., 2021). Neoantigen determination was followed by prediction 

of HLA binding affinity with mRNA expression measurements. From the neoantigen 

profiles 10 mutant peptides were synthesized, which displayed high affinity for 

HLAA02:06 and transcript expression with a read count of ≥2. Dendritic cells were 

pulsed with identified neoantigens and cocultured with autologous peripheral 

lymphocytes to induce activation of cytotoxic T lymphocytes (CTLs). Successful 

CTLs induction was later evaluated by using cytotoxicity and IFN-γ ELISpot assays, 

confirming that neoantigen analysis may in developing strategies to elicit T cell 

responses in breast cancer (Morisaki et al., 2021). 

Study by Ott et al. highlighted an interdisciplinary approach for vaccinology 

that requires the translation of the genomic changes to mutant MHC class I mutated 

antigens from which to develop precision cancer vaccines (Ott et al., 2017). The 

researchers showed the pipeline for melanoma vaccine preparation that involved 
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analysis of the whole-exome sequencing (WES), RNAseq, somatic mutation calling, 

identification of target epitopes for peptide design, synthesis of long peptides, 

pooling and final vaccine production. Vaccine targeted up to 20 predicted 

neoantigens and induced polyfunctional CD4+ and CD8+ T cells response. Among 6 

vaccinated patients, 4 showed no recurrence 25 months after vaccination and 2 with 

progressive form of disease were additionally treated with anti-PD-1 therapy. This 

combination led to a complete tumour regression, with the detected expansion of 

neoantigen-specific T cells (Ott et al., 2017). With our understanding of neoantigen 

origin, there are many pipelines, including presented here, that aim to discover the 

most promising target for immunotherapeutic elimination. 

However, it’s been shown that vaccines alone cannot achieve complete 

elimination of tumour cells (Rosenthal et al., 2019). One of the reasons behind it is 

that vaccines can only kill a small fraction of cancer cells that express neoantigens 

targeted by the vaccine, which restricts clinical effect. Moreover, these immunogenic 

peptides are very tumour-specific, showing little to no sharing between patients. 

Additionally, it has been reported that the selection pressures from tumour 

microenvironment can influence neoantigen presentation, promote immune escape 

and affect clinical outcomes in NSCLC (Rosenthal et al., 2019). 

 These highlighted weaknesses show that there is still a lot to achieve when it 

comes to identification, evaluation, and therapeutic effects of neoantigen 

vaccinations. Thus, improving the neoantigen discovery pipelines was one of the 

aims of my PhD. 

 

1.3 Nonsense-mediated mRNA decay pathway (NMD) 

 

Nonsense-mediated decay (NMD) is a crucial host RNA control pathway that 

removes aberrant mRNA containing premature termination codons (PTCs) that arise 

through mutation or defective splicing (Celik et al., 2017). NMD was found to affect 

one-third of mutated transcripts (Popp & Maquat, 2018). mRNAs with PTC in coding 

regions originate from endogenous genes with nonsense or frameshift mutations, 

pseudogenes (Karousis et al., 2016), or as a product of alternative splicing that 
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causes intron retention or inclusion of PTC-containing exons (Celik et al., 2017; 

Pawlicka et al., 2020). To avoid producing C-terminally truncated proteins that can 

have deleterious effects for the organism, those transcripts harbouring PTC are 

recognized and subsequently degraded. 

NMD signalling pathway was initially discovered in Saccharomyces cerevisiae 

and Caenorhabditis elegans (Leeds et al., 1991; Peltz et al., 1993) and later was 

proven to be conserved from yeast to humans (Baudu et al., 2021; Behm-Ansmant 

et al., 2007). NMD has been involved in various stages of the embryonal develop-

ment, DNA damage response, regulation of cell cycle and functioning of immune 

system (Huth et al., 2022; Nakano et al., 2022; Nasif et al., 2018; Weischenfeldt et 

al., 2008). Due to its role in maintaining the genome stability, aberrations of this 

strictly regulated control pathway lead to pathologies including neurological disor-

ders, immune disfunctions and cancers. 

 

 

1.3.1 Mechanism of NMD 

 

NMD pathway was first studies in yeast, where it was discovered that 

introduction of UAG nonsense codon in ura3 gene lead to reduction of its mRNA 

without interfering with the transcription rate (Losson & Lacroute, 1979) . It was also 

observed that the transcript level decrease depended on the position of the 

nonsense mutation within the gene. PTC introduced close to the 5’ end of mRNA 

lead to decreased production of the transcript, while PTC close to the end of ura3, 

caused levels close to that of wild-type (Losson & Lacroute, 1979). Studies in human 

model only confirmed these observations (Kinniburgh et al., 1982). 

NMD is cytoplasmic and translation-dependent process. During pre-mRNA 

splicing, the exon junction complex (EJC) is deposited upstream of the exon-exon 

junction (Schlautmann & Gehring, 2020). EJC is a multi-subunit protein complex, 

spanning ∼20–24 nucleotides. In uninterrupted translation process, bound to mRNA, 

EJCs are transported into the cytoplasm, where the force of the ribosome, as it 

translates the transcript, is sufficient to remove it from the transcript. During 

translation of an unaltered mRNA, the stop codon in the last exon ensures that no 
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EJCs remain associated to transcript upon translation termination. Translation 

termination is also regulated by the position of the ribosome at the end of the 

transcript where interactions to proteins bound to the mRNA poly(A) tail and release 

factors are crucial (Pawlicka et al., 2020). 

If a PTC is present at least 50 nucleotides (nt) upstream of the last exon 

junction, an exon junction complex (EJC) will remain bound after the pioneering 

round of translation has been terminated. This results in assembly of the NMD-

related proteins and recruitment of other cofactors (Pawlicka et al., 2020).  

 

Target characteristics 

NMD substrates can be divided in several groups, the most commonly studied 

are mRNAs with a destabilizing PTCs in their coding region generated from 

endogenous genes carrying nonsense or frameshift mutations, pseudogenes or from 

alternative splicing events that lead to intron retention or inclusion of a PTC-

containing exon (Lykke-Andersen & Jensen, 2015). A second group includes mRNA-

like transcripts with limited or no apparent coding capacity, such as long noncoding 

RNAs, small RNAs originated from intragenic regions or mRNAs of inactivated 

transposable elements (F. He et al., 2003; Lykke-Andersen & Jensen, 2015). 

Characteristic for the third category of NMD targets is that they appear to be 

“normal,” such as transcripts with upstream open reading frames, or with unnaturally 

long 3′ UTRs, or normal-looking wild-type mRNAs with no apparent atypical features 

(Celik et al., 2017; F. He et al., 2003) 

Mutations inducing NMD share some characteristics, such as PTC situated 

more than 50–54 bp upstream of the last exon–exon junction, targeted gene 

comprising of at least two exons and PTC present more than 200 bp downstream of 

the start codon. These features can explain up to 80% of the decreased expression 

of the genes carrying nonsense mutation (Zhao et al., 2020). 

It has been also shown that transcripts not containing an EJC can be targeted 

by NMD (Bongiorno et al., 2021). This phenomenon has been proposed to explain 

how NMD is able to physiologically regulate transcriptome without the need for EJC 

induction. Studies show that uORF increases transcript sensitivity to NMD without 



44 
 

the need for exon-exon junction in the 3’UTR (Bongiorno et al., 2021; Schilff et al., 

2021). As well as retained introns and the presence of exons in 3’UTR are all 

mechanisms increasing NMD activity (Bongiorno et al., 2021). 

 

 

Activation of NMD pathway 

In humans, proteins involved in NMD pathway include the hUPFs—human up-

frameshift (UPF) proteins (UPF1, UPF2, UPF3a and UPF3b), the suppressors with 

morphological effects on genitalia proteins (SMG1, SMG5, SMG6, SMG7, SMG8 

and SMG9), and the exon junction complex (EIF4A3, MAGOH, RBM8A and 

Barentsz (BTZ)) as reviewed (Pawlicka et al., 2020). 

To date, there have been recognised two NMD activation patterns that coexist 

in the cell (Huth et al., 2022). In the first one, as a consequence of intron splicing, 

EJC is deposited 20–24 nucleotides upstream of exon-exon junctions. If transcripts 

have a PTC upstream of the last exon, one or multiple EJCs remain bound to the 

mRNA at the moment when translation terminates. This leads to recognition by a 

number of proteins including the core NMD effectors UPF1, UPF2, and UPF3/3X. 

UPF1 associate with proteins involved in translation termination, while UPF2 and 

UPF3/3X interact with the EJC (Jia et al., 2017). 

In the presence of a premature termination codon, translation pauses 

upstream of an EJC and the eukaryotic release factors (eRF) physically attach to the 

transcript and recruit UPF1 that functions as the RNA helicase (Jia et al., 2017). The 

eRFs recognize the PTC, and when the mRNA stop codon enters the ribosomal A 

site, the termination of the protein synthesis occurs. The single eukaryotic class-I RF 

eRF1 recognizes all three stop codons: UAG, UGA, UAA as reviewed (Pawlicka et 

al., 2020). 

During the pioneer round of translation UPF1 interaction with CBP80 protein 

on 5’ cap enables its recruitment, alongside the SMG1/SMG8/SMG9 proteins and 

the release factors eRF1 and eRF3 (Kalathiya et al., 2019). Translation termination 

factor eukaryotic release factor (eRF) 1 has a similar structure to an aminoacyl-

tRNA, forms a complex with, and is activated by the GTPase activity of eRF3, which 
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allows interaction with UPF1 and later UPF2 (Huntzinger et al., 2008). Activation of 

the NMD pathway accelerate remodelling of the surveillance complex (SURF), which 

consists of the UPF1, eRF1, eRF3 proteins and a phosphatidylinositol-3-kinase-

related kinase, SMG1. UPF3b binds to the EJC and anchors UPF2 protein. The 

SURF complex connects with the UPF2, UPF3b and an EJC downstream of the 

PTC, forming the decay-inducing complex (DECID) (Yamashita et al., 2009). UPF3X 

which participates in recruitment of eRF3, positions it at the A site of the ribosome. 

SMG1-mediated phosphorylation of UPF1 is the key step NMD-activation and 

enables stabilisation of the UPF1-mRNA binding of UPF1 determining the transcript 

for decay (Cowen et al., 2019; Kalathiya et al., 2019). Together with the UPF 

proteins the SURF complex induces the phosphorylation of UPF1 by SMG1, which 

results in losing its affinity for SMG1/SMG8/SMG9 and the eRFs and causing their 

departure and recycling of the ribosome. Phosphorylated UPF1 protein, stimulated 

by its interaction with UPF2, deploys its RNA helicase activity in order to remove the 

proteins located downstream of the PTC and preparing this end for degradation by 

ribonucleases (Kalathiya et al., 2019). In addition, the SMG6 protein, due to its 

endoribonuclease activity, induces cleavage in the proximity of the PTC, generating 

free, accessible 5’ and 3’ ends for exoribonucleases. Phosphorylation of UPF1 

increases its ability to bind to a protein complex consisting of SMG5, SMG7, SMG6, 

and protein phosphatase 2A, which then acts as a negative feedback loop 

dephosphorylating the UPF1 protein (Kalathiya et al., 2019). This UPF1 

phosphorylation-dephosphorylation cycle induces activation of NMD pathway and 

recruitment of enzymes involved in degrading the 5 ‘and 3’ ends. Allowing for the 

adjustments of the NMD activity, the UPF3a protein inhibits NMD, and this activity is 

regulated by the UPF3b protein (Huang et al., 2012). 

The main role of SMG1 protein is phosphorylation of UPF1, however it’s been 

also shown to phosphorylate other cellular proteins, which indicates its function in 

different cellular mechanisms, such as response to stress induced by DNA-

damaging agents (Brumbaugh et al., 2004). SMG1 induced p53 stabilization and 

phosphorylation at serine 15 in radiated cells (Brumbaugh et al., 2004). 

In the second and less studied model of NMD pathway activation, PABPC1, a 

protein located on polyA tail, is involved (Huth et al., 2022). The probability of NMD 

induction increases with the distance between PABPC1 and PTC. In this process, 
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UPF1 protein accumulating at 3’UTR compete with PABPC1 for recruitment of 

translation termination complex. When competition favours PABPC1, termination of 

translation does not induce NMD but instead initiates new translation cycles. If UPF1 

recruits the complex, NMD of this transcript is induced and initiation of new 

translation cycles is inhibited (Huth et al., 2022). 

 

Transcript degradation 

There are many mechanisms that lead to degradation of NMD-targeted RNAs. 

In primary models, such as yeast, it has been shown that PTC-containing transcripts 

are degraded mainly by deadenylation-independent process, which involves decap-

ping by enzymes Dcp1p/Dcp2p and 5′–3′ exonuclease digestion by Xrn1p (Muhlrad 

& Parker, 1994). In human cells, these mechanisms are more complex. mRNA deg-

radation can be led by endonucleolytic cleavage (Huntzinger et al., 2008), exosome 

mediated 3′–5′ decay (Lejeune, 2022) or deadenylation-dependent decapping 

(Muhlrad & Parker, 1994).  Degradation of transcript follows, SMG6 endonuclease 

binding to phosphorylated residues in the N-terminal part of UPF1 and catalysis of a 

cleavage in the proximity of the PTC (Huntzinger et al., 2008). Next, the SMG5/ 

SMG7 heterodimer attaches to phosphorylated domain in the C-terminal part of 

UPF1 and activates the CCR4–NOT deadenylase complex, which the catalyzes pol-

yA tail shortening that induces decapping by DCP1/ DCP2 (Lejeune, 2022; Okada-

Katsuhata et al., 2012). Decapping complex can also be recruited to UPF1 either di-

rectly or in a PNRC2-dependent manner, activating the deadenylation-independent 

decapping (Lykke-Andersen & Jensen, 2015). For the removal of decay intermedi-

ates in all of the described pathways exonuclease activity of XRN1 is responsible. 

Transcriptome-wide analysis of NMD substrates and their 5′–3′ decay inter-

mediates revealed that SMG6-catalyzed endonucleolysis widely activates the degra-

dation of human nonsense RNAs, whereas decapping is used on a smaller scale 

(Lykke-Andersen & Jensen, 2015; Pawlicka et al., 2020). Transcript decay depends 

on interactions between core NMD factors and a terminating ribosome.  
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1.3.2 PTC readthrough 

 

Behind physiological cell function lies genetic information that has been 

accurately expressed in RNAs or proteins. Translation from messenger RNA 

(mRNA) onto protein is a crucial step in gene expression pathway (Huth et al., 2022). 

This process follows very specific rules, to ensure the correct protein sequence and 

length. Translation starts when an initiation codon (most commonly AUG) enters the 

A-site of the ribosome, with a complimentary base pairing of aminoacyl-tRNA 

anticodon, loaded with methionine, and terminates when site A of the ribosome 

encounters one of the stop codons UAA, UAG, or UGA (Labunskyy et al., 2014). In 

humans, the only tRNA to recognize these termination codons is tRNA[Ser]Sec, 

which carries the amino acid selenocysteine (Labunskyy et al., 2014). Decoding of 

each codon varies, depending on the tRNA availability. 

However, as well as physiologically, as artificially induced, stop codons can 

be read through with high efficiency. This phenomenon can be achieved by using 

suppressor tRNAs, which carry mutations in the anticodon to match the stop codons, 

readthrough inducers, such as gentamycin and other techniques (Baradaran-Heravi 

et al., 2016; Eggertsson & Söll, 1988; H. Zhang et al., 2020). The use of suppressor 

tRNAs for induction of readthrough have been widely used to site-specifically insert 

noncanonical amino acids into proteins of interest (Eggertsson & Söll, 1988; Lueck et 

al., 2019). Stop codon readthrough leads to an extension of amino acid sequence to 

the C terminus and has reported to be critical for expression of functional protein var-

iants.  

It was reported that in Escherichia coli excess of carbon in culture media sig-

nificantly increased the readthrough levels of UAA, UAG, and UGA codons, showing 

that external factor can modulate transcript expression levels (H. Zhang et al., 2020). 

It was later shown that the elevation depended on a drop of pH during bacterial 

growth in excess carbon (H. Zhang et al., 2020). 
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Physiological readthrough 

 

Study of mRNA half-lives indicated that a small percentage of transcripts car-

rying PTCs escape surveillance and do not degrade (Schilff et al., 2021) 

Readthrough occurs as a natural process at the termination codon, as a result of an 

aminoacyl-tRNA base pairing outcompeting the release factor eRF1, during the 

proofreading stage. In effect an insertion of an amino acid occurs instead of transla-

tional halt. This phenomenon has been detected in eukaryotic cells with a frequency 

of less than 0.1% (Schilff et al., 2021). 

It has been reported that some nucleotides in the proximity of the termination 

codon support endogenous readthrough (Schilff et al., 2021). The rate of pro-

grammed readthrough has been shown to be dependent on the stop codon type 

(UGA being the most prone to being misread), as well as certain nucleotides up-

stream and downstream of the stop codon (Schilff et al., 2021). 

 Physiological readthrough plays role in expression of some protein variants, 

such as lactate dehydrogenase B (LDHB) (Schueren et al., 2014). Experimental 

studies show that LDH contains a ‘hidden’ peroxisome-targeting region and more 

translational readthrough leads to an increase in lactate dehydrogenase was found 

in the peroxisomes. (Schueren et al., 2014). Lactate dehydrogenase found in peroxi-

somes are conserved in mammalian cells and most likely regulates redox equivalent 

regeneration in peroxisomes. This phenomenon demonstrates how the cell regulates 

the use of the genetic information encoded in the genome and in mRNA. 

 

Induction of translational readthrough 

 

Readthrough-inducing agents influence ribosome function and shift the 

balance between termination and (mis)reading of the termination for a sense codon 

(Crick, 1966). Efficiency of the readthrough depends on competition between stop 

codon recognition by a class I release factor and decoding of the stop codon by a 

near-cognate tRNA, paired using two of the three bases, knows as wobble 

hypothesis (Crick, 1966). Drugs that have been proven to have the highest impact on 

the stop codon readthrough are aminoglycosides (Baradaran-Heravi et al., 2016). 

Aminoglycosides use their PTC readthrough activity by binding at the decoding 
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center of the eukaryotic ribosome. This binding alters the ability of translation 

termination factors to accurately recognize a PTC. Consequently, aminoglycosides 

increase the frequency of pairing of near-cognate aminoacyl-tRNAs to the PTC and 

enables formation of full-length protein (Baradaran-Heravi et al., 2016).  

 Despite the fact that, that aminoglycosides have been in clinical use for many 

years, their application is limited due to shown oto- and nephrotoxicity (Bitner-

Glindzicz & Rahman, 2007; Mingeot-Leclercq & Tulkens, 1999). To overcome this 

obstacle, number of aminoglycoside-derivatives are being developed and examined, 

such as ataluren which has been approved for treatment of certain Duchenne 

muscular dystrophy cases in several countries  (Baradaran-Heravi et al., 2016; 

Namgoong & Bertoni, 2016). 

One of the features of genetic code is codon degeneracy, which means that 

20 amino acids require up to 5 tRNAs with distinct anticodons to recognise codons 

for each amino acid (Beznosková et al., 2021). This characteristic has been utilized 

to modify the stop codon readthrough. Studies have shown that levels of tRNA 

recognising tryptophan and tyrosine-tRNA impacted stop codon readthrough on UGA 

or UAG and UAA stop codons in human cells (Beznosková et al., 2021). 

Overexpression of Trp-tRNA boosted readthrough of reporters carrying termination 

sequences of selected cellular and viral genes known to undergo this type of 

regulation. It also lead to restoration of a functional p53 protein production from 

transcripts carrying PTC (Beznosková et al., 2021). Stimulation of translational 

readthrough by using readthrough-inducing drugs may serve as a possible 

therapeutic strategy for the treatment of genetic PTC diseases. 

 

Wobble hypothesis 

Translation termination requires class I release factors (RFs) to recognize 

stop codons. Classical eRF1s recognize the three termination codons UGA, UAG 

and UAA, however they don’t detect UGG encoding tryptophan. This shows that 

these eRF1 have the ability of distinguishing between the bases A and G in both, 

2nd and 3rd position of a termination codon, as described by wobble hypothesis 

(Crick, 1966). Additionally, in order to exclude UGG, the recognition of these two 

positions of stop codon cannot be performed independently from each other. The 
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fact that release factors can detect all three termination codons, but omit the 

tryptophan codon has been attributed to the flexibility of the helix containing these 

positions, that is able to take a partly relaxed or tight conformation depending on the 

recognized stop codon (Muramatsu et al., 2001). 

In this work, we have developed a cancer cell model to determine the rules 

that define the type of amino acid placed at a stop codon during termination 

readthrough mediated by an aminoglycoside antibiotic. 

 

Genetic disorders caused by PTC 

It has been demonstrated that around 30% of inherited disorders results from 

premature termination codons (Mort et al., 2008). Nonsense mutation can cause 

severe genetic diseases, such Duchenne muscular dystrophies, ataxia-

telangiectasia (ATM), cystic fibrosis (CFTR), beta-thalassemia or Wilm's tumour 

(WT1) (Malik et al., 2010). Most of these disorders are due to a failure of the NMD 

machinery to efficiently degrade the PTC-containing transcripts. Leading to 

production of truncated, non-functional proteins. 

 Number of compounds have been studied for their readthrough-inducing 

functions in the context of PTC-caused genetic disorders, such as aminoglycosides 

or ataluren. Readthrough drugs force the ribosome through PTC, protecting peptide 

from NMD and induces expression of almost full proteins (Malik et al., 2010). 

Duchenne muscular dystrophy (DMD) is the most common type of muscular 

dystrophy caused by dystrophin deficiency (Namgoong & Bertoni, 2016). It is 

estimated that 10–15% of patients with DMD carry a nonsense mutation which 

introduces a PTC into the dystrophin transcript, resulting in translation of a truncated, 

non-functional protein. It has been demonstrated that ataluren binds to the ribosome 

and disrupts the recognition of termination codons thus inducing readthrough of the 

nonsense mutation to produce a full-length functional protein (Namgoong & Bertoni, 

2016). In 2017 ataluren was approved by the European Medicines Agency for 

treatment of DMD patients, however further phase III studies didn’t reach the 

statistical significance (McDonald et al., 2017). 



51 
 

Another PTC-caused disorder is cystic fibrosis (CF) that results in different 

mutations within the CFTR gene resulting in a non-functional Na+ ion channel (De 

Boeck et al., 2014). PTC-containing transcript activate NMD pathway, which 

degrades most of mRNAs leaving little to no CFTR translated protein. Studies have 

shown that aminoglycoside gentamicin activated CFTR protein expression from 

CFTR gene carrying nonsense mutations in bronchial cells taken from cystic fibrosis 

patients (De Boeck et al., 2014). Ion channels formed with the protein that has been 

read-through are still altered and have limited function, however they show beneficial 

outcome when compared to complete absence of protein (De Boeck et al., 2014). 

However, due to high oto- and nephrotoxicity of gentamycin, novel derivatives of 

aminoglycosides with readthrough potential have been studies  (Bidou et al., 2017; 

Bitner-Glindzicz & Rahman, 2007; Mingeot-Leclercq & Tulkens, 1999). 

Stop-codon readthrough agents have been proposed as the main therapeutic 

option for treatment of NMD-implicated diseases (Malik et al., 2010). In this approach 

small readthrough-inducing drugs promote the translation machinery to ignore the 

nonsense codon and instead recode it as an amino acid. The produced full-length 

functional protein has the potential of ameliorating the disease as reviewed 

(Pawlicka et al., 2020). 

 

1.3.3 Dual role of NMD pathway in cancer 

 

  It is becoming increasingly evident that the many proteins involved in NMD 

pathway are inhibited in cancer cells (Popp & Maquat, 2018). However, studies also 

indicate that the role of NMD in cancer development is complex. Some cases show 

that cancer cells have exploited NMD by selecting for mutations causing destruction 

of key tumour-suppressor mRNAs (Kalathiya et al., 2019). In other studies, tumours 

adjust NMD activity to adapt to their microenvironment (Park et al., 2018). NMD also 

serves as a tool for tumours to adjust themselves to the microenvironment (Kalathiya 

et al., 2019; Popp & Maquat, 2018).  
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Cancer-protective function of NMD in Cancer 

NMD inhibition in cancer has been reported to stabilise transcripts important 

for cancerogenesis, such as MALAT1 (metastasis-associated lung adenocarcinoma 

transcript 1) in hepatocellular carcinoma (Malakar et al., 2017). A synergistic 

regulation of splicing and NMD pathway has been reported for the alternatively 

spliced isoform β of tumour suppressor gene p53 (Gudikote et al., 2021). 

Studies demonstrated that high number of UPF1 mutations found in pancreatic 

adenosquamous carcinomas, result in deregulation of the NMD pathway in these 

tumour asparagine synthetase (ASNS) (Hu et al., 2022). ASNS regulates protein 

translation under stress conditions controlling the biosynthesis of selected proteins, 

such as the cell cycle regulator cyclin B1, which has been connected to poor cancer 

patient outcome. Studies highlighted also the influence of deregulated NMD pathway 

on increased level of ASNS, suggesting that knockdown of this protein may disrupt 

the adaptive responses of pancreatic cancer cells to metabolic stress, which also 

may encourage development of new treatments and improve patients benefits (Hu et 

al., 2022). This has been shown in blood cancer models, where knockdown 

experiments of ASNS led to an improved response to (Hu et al., 2022) 

Interestingly, reports from osteosarcoma studies show that neoantigen 

expression is reduced by NMD ultimately causing an accumulation of genomic 

alterations not paralleled by immune infiltration (Wu et al., 2020). NMD activity has 

also been a negative predictive factor of immune response against microsatellite-

instable colorectal cancer, where elevated levels of UPF1 were seen (El-Bchiri et al., 

2008). Increased levels of NMD factors increases efficiency of NMD pathway, thus 

allowing cancer cells to continue tumorigenesis. 

O’Leary et al, identified that in gastric cancer cells loss of UPF2 expression 

leads to induction of resistance against inhibitors of ATR (ATRi), a key regulator of 

the DNA damage response (O’Leary et al., 2022). Additionally, global transcriptomic 

and proteomic profiling experiments revealed that UPF2-mutant cells display 

alteration in cell-cycle progression and DNA damage responses, that have the 

tumour-promoting effect (O’Leary et al., 2022). 
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Role of NMD in anti-cancer response 

 Various studies indicated that overexpression of UPF1 leads to reduction of 

hepatocellular carcinoma (HCC) growth through multiple cell signalling pathways 

(Chang et al., 2016; S. Lee et al., 2022). Transcriptomic analysis revealed that the 

level of dual specificity phosphatase 1 (DUSP1) was elevated by UPF1 variants 

through posttranscriptional regulation. DUSP1 belongs to tumour suppressor genes 

and has been shown to inhibit cell cycle progression in HCC cells. Increased 

expression of DUSP1 has been observed more frequently among patients with 

higher overall survival. Furthermore, overexpression of DUSP1 correlates with 

increase in antitumour genes, such as phos-p53, p21 and p27. Therefore, the UPF1 

overexpression-mediated elevation of DUSP1 activates tumour suppressor signalling 

leading to inhibition of cancer cell growth. Additionally, overexpression of UPF1 

variants was shown to reduce cell motility and invasiveness of studied cells (S. Lee 

et al., 2022) 

Impaired NMD was also found to promote the accumulation of NFκB-inducing 

kinase that is a potent activator of the non-canonical NF-kB pathway and stimulator 

of several pro-inflammatory cytokines such as tumour necrosis factor (TNF). Lu et al 

reported that UPF1 mutations downregulate NMD, resulting in NIK-dependent NF-κB 

induction, which increased the immune cell infiltration in inflammatory myofibroblastic 

tumours (Lu et al., 2016). This regulatory link with the NMD pathway connected with 

diagnosis and therapeutic approaches of these tumours (Lu et al., 2016). 

By degradation of mRNAs carrying PTC, NMD pathway shields heterozygous 

germline carriers of these cancer mutants from developing cancer (Pawlicka et al., 

2020). This regulative circuit has been well studied for dominant negative 

heterozygous mutants of the BRCA1 (Fan et al., 2001). Germline mutations in this 

tumour suppressor gene induce familial cases of ovarian and breast cancers (Perrin-

Vidoz et al., 2002). Expression of truncated version of BRCA1 protein was correlated 

with chemoresistance, reduced susceptibility to apoptosis, decrease in vivo tumour 

growth suppression and many other. This observed phenomenon suggested that 

that truncated BRCA1 proteins inhibit the activity of wild-type BRCA1. It was also 

hypothesised that some inherited BRCA1 mutations are able to pro-actively induce 

oncogenesis by deactivating the remaining wild-type BRCA1 allele (Fan et al., 2001). 



54 
 

These studies indicated, that NMD may take either a tumorigenesis-amplifying 

or an antioncogenic role depending on the cancer type and its expression profile 

(Lejeune, 2022). 

 

 

 

1.3.4 NMD inhibition in cancer therapy 

Studies have shown that inhibition of NMD also generates new antigenic 

determinants in tumour cells (Park et al., 2018). Cancer-targeted NMD inhibition has 

been shown to be a promising approach to increase the antigenicity of disseminated 

tumours by induction of neoantigen expression on the surfaces of cancer cells 

allowing for the recognition by immune system and rejection (Pastor et al., 2010; 

Popp & Maquat, 2018). 

It has been demonstrated that in mouse models inhibition of UPF2 or SMG1 

led to immune-dependent reduction of tumour progression (Pastor et al., 2010). On 

the other hand, silencing of UPF1 in vitro increased the production of potentially 

immunogenic neoantigens (Oka et al., 2021). In osteosarcoma expression of 

immunogenic peptides was shown to be downregulated by NMD resulting in an 

accumulation of genomic alterations unrecognised by the immune system (Wu et al., 

2020). In the light of immunotherapy advancements, these observations open the 

gate combining NMD inhibitors with immune checkpoint blockade, which would make 

the most of the potential antigenic enrichment of tumour targets. Despite the fact that 

not all mutations induce immune response, frameshift mutations have been shown to 

be the most immunogenic.  

In cancers carrying nonsense mutations in the TP53 gene, combination of 

readthrough induction and NMD inhibition led to restoration of full-length p53 protein 

(Martin et al., 2014). As a result, NMD inhibition promotes induction of apoptosis, 

reduction of cell viability, and enhanced tumour radiosensitivity in p53-dependent 

manner (Martin et al., 2014). Gudikote et al demonstrated, that in non-small-cell lung 

cancer cells NMD inhibition led to induction of radiosensitivity in cells bearing either 

WT p53 or mutant p53 (Gudikote et al., 2021). It was also reported that radiation (IR) 
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inhibits SMG1 and induces the expression of p53β, which in turn triggers IR-induced 

cellular senescence in MCF-7 cells (Gudikote et al., 2021). 

Antigenic peptides originated from frameshift-bearing transcripts when 

presented by HLA class I molecules are able to induce tumour-specific T cell-

mediated immune responses (Becker et al., 2021). However, in many cases 

expression of these potential neoantigens is limited by NMD. 5-azacytidine is a 

cytidine analogue that incorporates into DNA, inhibiting methyltransferase activity 

and activating expression of genes, like tumour suppressor ones, which were 

previously suppressed by methylation (Becker et al., 2021). It has been reported that 

inhibition of NMD pathway by 5-azacytidine stabilizes frameshifted sequences and 

elevates presentation of InDel neoepitopes on the HLA-I in MSI colorectal cancer 

(Becker et al., 2021). Immunization with the identified neoantigen resulted in strong 

CD8+ T cell responses in an HLA-A*02:01 transgenic mouse model, which highlights 

the potential of NMD inhibition in cancer therapy (Becker et al., 2021). 

 NMD inhibition represents an interesting strategy for tumour eradication by re-

expression of a plethora of genes suppressed by NMD activity. Several NMD-

inhibiting agents have already been introduced to clinic for treatment of genetic 

diseases, therefore these compounds could be repurposed to use as a novel cancer 

therapeutic approach (Bongiorno et al., 2021). 

 

1.4 Aim 

 

Despite that neoantigens are proving to represent a mechanism whereby 

immune cells can detect and eradicate cancer cells, there is very little known about 

how many neoantigens a cancer cell can produce, how to manipulate their 

abundance using targeted therapies, or the optimized way to detect them. 

Developing such improved strategies will be important as cancer vaccines begin to 

be heavily used in clinical trials. Main goal of this precision medicine PhD was to 

implement and develop pipelines for discovery and studies of neoantigens. More 

specifically: 
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1. Modelling potential neoantigen target identification by using DNA and RNA 

variant detection pipelines to define the mutant expression landscape in cancer cells.  

Most current neoantigen-based vaccines use DNAseq-RNAseq along with MHCnet 

to define mutant immunopeptides. This study extends this approach by utilising mass 

spectrometry datasets. The experimental approach focused on defining the depth of 

SNV, indel, and frameshift-stop codons in studied p53 wild-type and knockout cell 

model to characterise the potential sources of neoantigenic peptides and assess the 

influence of tumour suppressor gene deletion on neoantigen production.  

2. The presence of frameshift mutations was shown to theoretically lead to a 

large number of ‘foreign’ neoantigens.  As drugs exist for readthrough of such stop 

codons that can occur during frameshift, they were utilised to try to develop ‘rules’ to 

determine the types of amino acids incorporated at stop codon readthrough to 

improve the mutant refseq database for future neoantigen search.  

3. Using optimized pipeline including DNAseq-RNAseq databases, isogenic wild-

type and p53 null melanoma cell model will be developed to define the normal and 

mutant expressed immunopeptidomic landscape in a p53-dependent manner. This 

approach also includes optimising two different isolation methods 

(Immunoprecipitation and acidic washes) to enrich the immunopeptidome for 

identification using mass spectrometry. 

4. Using the same cell model, drug leads impacting other potential neoantigen 

sources such as splicing or NMD were used to determine whether such treatments 

impact on the normal and mutant immunopeptidome detected by mass spectrometry. 

 

Altogether, combined DNAseq, RNAseq, immunopeptidomics pipeline will be 

utilised to identify strengths and weaknesses of current neoantigen discovery 

technologies under different genetic and physiological states.  

. 
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2 Material and methods 

 

2.1 Microbiological techniques  

 

Bacterial cultures were grown in Luria-Bertani (LB) broth (1%(w/v) Tryptone, 

0.5% (w/v) Yeast extract, 1% (w/v) NaCl, 25g LB in 1l dH20; autoclaved 121°C for 20 

min) in incubator-shaker at 150rpm in 37°C. 

 

2.1.1 Glycerol stocks 

 

For the long-term storage of bacteria, glycerol stocks have been made by 

mixing 800μl of 24h bacterial culture to a cryotube (Nunc) with 200µl of sterile 

glycerol. The cells were rapidly frozen in liquid nitrogen and stored at -80°C. 

 

2.1.2 Bacterial transformation  

 

Escherichia coli DH5α competent cells (ThermoFisher Scientific, 18265017) 

from a glycerol stock were thawed on ice. Per transformation 50µl of thawed cells 

were used. After addition of DNA, competent cells were placed on ice for 30-40min. 

Next, the tube was subjected to 42°C for 60 sec in a water bath, followed by 2min 

incubation on ice. 200µl of SOC medium (2% (w/v) Tryptone, 0.5% (w/v) Yeast 

extract, 10mM NaCl, 2.5mM KCl, 10mM MgCl2, 20mM Glucose) was added into the 

tube and incubated for 1h in 37°C. 20-100 µl of transformed cells were plated on 

either Ampicillin or Kanamycin LB agar plates (40 g LB agar 1l dH20, 1% (w/v) 



58 
 

Tryptone, 0.5% (w/v) Yeast extract, 1% (w/v) NaCl, 1.5% (w/v) Agar), as appropriate, 

and incubated overnight at 37°C for bacterial growth. 

 

 

2.1.3 Plasmids 

 

Plasmids used throughout the study were: pcDNA3.1 wild type p53 SBP 

tagged, pcDNA3.1 p53 R213X SBP tagged (Thermo Fisher), pCMV-hygro-p53-217-

TGA-SBP, pCMV-hygro-p53-218-TGA-SBP, pCMV-hygro-p53-219-TGA-SBP, 

pCMV-hygro-p53-219-TAG-SBP, pCMV-hygro-p53-219-TAA-SBP (Twist 

Bioscience). 

 

2.2 Molecular biology techniques 

 

2.2.1 Plasmid DNA isolation and purification 

 

From overnight bacterial culture (subsection 2.1.2) a single colony was picked 

and inoculated onto a tube containing 5ml LB medium supplemented with antibiotic. 

The culture was grown overnight at 37°C with shaking. Bacterial cells were 

centrifuged at 8000rpm, and plasmid DNA was isolated using QIAprep Spin Miniprep 

Kit (Qiagen, 27104). DNA concentration was measured by NanoDrop 2000c 

Spectrophotometer (ThermoScientific). 

 

2.2.2 RNA isolation  

 

Cells grown in 10cm Petri dishes at 90% confluency were harvested and 

frozen until further processing. Total RNA extraction was performed using the 

RNeasyMini kit (Qiagen). To remove DNA contaminants RNA samples were pre-

treated with RNase-free DNase I (Qiagen). The concentration and purity of the total 

RNA were analysed using a NanoDrop 2000c Spectophotometer (ThermoScientific). 
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2.3 Cell culture  

 

A375, HDQ-P1 and B16 cell lines were grown in DMEM media (Gibco) 

containing, and H1299 and ESS1 required RPMI (Gibco). Both media were 

supplemented with 10% (v/v) foetal bovine serum (FBS) (Labtech) and 1% (v/v) 

0.5U/ml penicillin/ 500 ng/ml streptomycin (P/S) (Invitrogen). Cell culture was 

maintained in the incubator at 37°C with 5% CO2. Once confluent, cells were sub-

cultured using Trypsin–EDTA 0.5% (Gibco, Life Technologies). When necessary, 

cells were frozen in supplemented culture media containing 10% DMSO and stored 

at -80°C or liquid nitrogen. 

 

2.3.1 Cell transfections 

 

Prior to transfection, cells were seeded at 0.2 x 106 density onto 6-well plate 

(Corning). Plasmid DNA was transfected using Attractene (Qiagen, 301007) 

according to manufacturer’s protocol on cells at 80% confluency. The reaction mix 

was added dropwise onto the plate and cells were left for 24 or 48 hours, depending 

on experimental requirements. 

 

2.3.2 Collecting cells and lysis 

 

Cells were harvested on ice. The medium was aspirated, cells rinsed twice with 

1 ml ice-cold PBS, then detached from the culture dish by scraping of the surface 

and collected by centrifugation at 3000 rpm at 4ºC for 15 min. The cell pellet was 

lysed in four times their volume of lysis buffer (50mM HEPES pH 7.5, 1% v/v Triton-

X, 0.5% NP-40, 150mM NaCl, 2mM DTT, 0.1mM EDTA, 1mM Benzamidine, 1x Pro-

tease Inhibitor Mix) incubated for 40min on a wheel at 4ºC followed by 15min centrif-

ugation at 13,000 rpm at 4ºC. Supernatants were transferred to a new Eppendorf 

tube. Lysates were flash-frozen on dry-ice and kept at -80ºC for future analysis. Pro-

tein concentration was measured by using Protein Assay Dye Reagent (Bio-Rad). 
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2.4 Western blotting 

 

2.4.1 SDS-PAGE 

Protein samples were prepared by mixing 1:1 cell lysate with loading buffer 

(100 mM Tris-Cl (pH 6.8), 0.2% (w/v) bromophenol blue, 20% (v/v) glycerol, 200 mM 

DTT (dithiothreitol), 4% (w/v) SDS (sodium dodecyl sulphate; electrophoresis grade) 

and heating for 3min at 95˚C. 20μg of protein were loaded on gel. Polyacrylamide 

gels 12% (1.5mm thickness) were prepared in a Mini-PROTEAN 3 Cell apparatus 

(Biorad) according to the recipe (Table 2.1). Pre-stained protein standard (PageRuler 

Plus, Thermo Fisher) was loaded as marker and proteins were separated at 80-140V 

in SDS running buffer (Table 2.2 

  

Table 2.1 Reagents to prepare gels for SDS-PAGE 

Resolving gel Stacking gel 

15% Acrylamide mix (Protogel, 30% (v/v)) 

1.5 M Tris-HCl pH 8.8 

0.1% (w/v) SDS 

0.1% (w/v) Ammonium persulphate (APS) 

0.1% TEMED (v/v) 

Top up to final volume with dH2O 

5% Acrylamide mix (Protogel, 30% (v/v)) 

0.13 M Tris-HCl pH 6.8 

0.1% (w/v) SDS 

0.1% (w/v) Ammonium persulphate (APS) 

0.1% TEMED (v/v) 

Top up to final volume with dH2O 

 

 

2.4.2 Protein detection 

 

Resolved proteins were transferred from gels onto nitrocellulose membranes 

(Amersham Protean, GE Healthcare) using a wet electroblotting system (Biorad) in 
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transfer buffer (Table 2.2) at 100V for 1h. Membranes were blocked with 5% dried 

skimmed milk (Marvel) in PBST at room temperature for 1h. Appropriate primary 

antibodies were diluted in blocking solution and incubated with membrane overnight 

in 4°C. Next, blots were washed in PBST three times for 5 minutes. Appropriate 

horseradish peroxidase-conjugated secondary antibodies in dilution 1:1000 in milk 

were added onto membranes and incubated for 1h at the room temperature. The 

blots were washed three more times with PBST. Enhanced chemiluminescence 

(ECL) reagents 1:1 (Table 2.3) were added onto a blot for 1min. Signal detection 

was performed by exposition of the blot to X-ray film (SLS) or Amersham hyperfilm 

ECL (GE Healthcare) and developing with a film processor (SRX-101A, 

KonicaMinolta). Protein expressions were normalized to that of house-keeping gene 

GAPDH. 

 

Table 2.2 SDS-PAGE Buffers recipes 

Running Buffer Transfer Buffer 

 

192mM glycine 

25mM Tris-HCl pH 6.8 

0.1% (w/v) SDS 

192mM glycine 

25mM Tris-HCl pH 6.8 

20% (v/v) methanol 

top up to final volume with dH2O 

 

 

Table 2.3 ECL reagents 

ECL Solution 1 ECL Solution 2 

100mM Tris-HCl pH 8.5 

2.5mM luminol stock 

0.4mM p-coumaric acid 

top up to final volume with dH2O 

100mM Tris-HCl pH 8.5 

0.02% (v/v) H2O2 

top up to final volume with dH2O 
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2.4.3 Antibodies  

 

Proteins were detected using the primary antibodies described in Table 2.4. 

Detection of primary antibody was performed using the following secondary 

antibodies: rabbit anti-mouse 1:1,000 (Dako,PO260) and swine anti-rabbit 1:1,000 

(Dako, PO217). 

 

Table 2.4 List of antibodies used 

Antibody Company Dilution 

Mouse monoclonal anti-GAPDH Abcam (a5441) 1:2000 

Anti-P53 (DO-1) Supplied by collaborators * 1:500 

Monoclonal anti-HLA-DR  Thermo Fisher (MA5-

11966) 

1:100 

Anti-SBP-tag  Merck (MAB10764) 1:1000 

Rabbit polyclonal anti-HLA-B  Thermo Scientific (PA5-

29911) 

1:1000 

 

*(Midgley et al., 1992) 

 

2.5 Mild acid elution and immunoprecipitation experimental setup 

 

The method for acidic elution was essentially as reported previously (Sturm et 

al., 2021). To control the pH of the elution method, collaborators in Gdansk sent to 

Edinburgh their Citrate buffer (pH 3.2) due to possible differences in pH meters 

between labs. We thus prepared citrate buffer to the same pH as that buffer sent to 

our lab in Edinburgh (pH3.35). A375 cell lines p53 WT and p53 KO were plated on 

10cm Petri dishes and grown until 80% confluency. Cells were treated with 10µM 

NMDI14 (Sigma-Aldrich) for 48h. Three Biological replicates of 30 x 106 A375 cells 

(three 10 cm plate) from all listed conditions were used. The dishes were placed on 

ice, the medium was removed, and cell monolayers were gently rinsed three times 
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with 2 ml ice-cold PBS. After aspiration, 2ml of ice-cold citrate-phosphate buffer pH 

3.3 were pipetted onto the cells and incubated for 3 minutes with agitation. Liquid 

was collected to Falcon tubes and spun at 1000 rpm/5min. Supernatant was moved 

to new tubes, flash-frozen and placed in -80°C to further analysis. 

After acid elution, cells were washed three times with PBS, fresh media was added, 

and plates were placed back into the incubator for 24h. The next day acid elution 

was repeated, and cells scraped for proteomic analysis. Eluted peptides were flash 

frozen and sent for mass spectrometry analysis. 

Preparation of samples for immunoprecipitation analysis involved growing A375 

p53 wild type and knockout cells on 10cm Petri dishes until they reached 109 counts. 

Next, the cells were washed three times with PBS and collected by scraping onto 

Falcon tubes. Pellet was flash-frozen, and samples sent to collaborators group led 

by Tim Fugmann for immunoprecipitation analysis. 

 

2.6 Pulldown 

 

2.6.1 Protein G beads DO1 crosslinking 

 

For crosslinking of protein G beads to chosen antibodies protocol by 

(DeCaprio & Kohl, 2019) was followed. Protein G agarose (Sigma) beads were 

washed three times with PBS and once with Buffer A (0.2% Triton, 1M Tris-HCl pH 

8.0, 5M NaCl, 0.5M EDTA, ddH20). Next beads were incubated with DO-1 antibody 

(1μg/20µl beads) overnight in cold room with rotation. Conjugated beads were 

washed once with buffer A, followed by two washes with 0.1M borate buffer at pH 

9.0 consisting of 0.2M boric acid and 0.05M sodium tetraborate. 40mM dimethyl 

pimelimidate (DMP) was added into solution containing borate buffer and beads and 

kept at room temperature for 1h with rotation. After aspiration of the supernatant 

beads were washed twice with 1M Tris-HCl pH 8.0, then twice with PBS. DO1-

crosslinked beads were kept at 4°C until further use. 
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2.6.2 Pulldown 

 

DO1-conjugated beads or streptavidin agarose beads (Sigma) were placed in 

low-binding microtube and washed twice with PBS. Cell lysates (prepared according 

to Collecting cells and lysis) were incubated with beads overnight in 4°C with 

rotation. After series of washes, beads were flash-frozen on dry-ice. Mouse DO1 

antibody (dilution 1:500) was used for p53 detection. GAPDH was detected with 

mouse anti-GAPDH antibody (dilution 1:1000).   

 

2.7 Mass spectrometry techniques 

 

2.7.1 Sample preparation after pulldown 

 

Due to restrictions in travels during pandemic, I was unable to travel as 

intended for my training in hands-on mass spectrometry.  Nevertheless, prior to the 

pandemic travel restriction I attended the Dubrovnik MS Summer School which 

involved a weeklong training in fundamentals of mass spectrometry. During the 

travel restrictions, I prepared MS samples, and their analysis was performed as 

described below by our collaborators group led by Borivoj Vojtesek at the Masaryk 

Memorial Cancer Institute, Brno, Czech Republic. 

The elution of proteins from beads was performed by adding 1x NuPAGE LDS 

buffer and boiling samples for 5 min. Nextly, samples were separated on 

polyacrylamide gel. SDS-PAGE run lasted 10 min at 120 V and the gels were 

stained by Coomassie Brilliant Blue G-250. Gel bands were excised out of the gel, 

washed with deionized water, cut into small pieces and decoloured with a freshly 

prepared 200 mM solution of ammonium hydrogen carbonate (NH4HCO3, pH 7.8) in 

40% aqueous acetonitrile (ACN) (v/v) for 20 min at 30°C and equilibrated in 50 mM 

NH4HCO 3 (pH 7.8) in 5% aqueous ACN (v/v) for 30 min at 30°C. The supernatant 

was aspirated, and the gels were dehydrated with ACN. The supernatant was 

removed, and the samples were reduced by the addition of 10 mM DTT for 1 h at 60 

°C, followed by alkylation with 55 mM iodoacetamide in the dark for 45 min at room 
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temperature. The supernatant was aspirated, and the gel pieces were washed three 

times with equilibration buffer and dehydrated with acetonitrile. Trypsin digestion was 

carried out at 37 °C overnight using Promega sequencing-grade trypsin. Digested 

peptides were extracted using ACN, vacuum dried and desalted using C-18 micro 

spin columns (Harvard Apparatus) according to the manufacturer´s guidelines. 

Before mass spectrometry analysis, the evaporated peptide samples were dissolved 

in 2% ACN (v/v) with 0.05% aqueous trifluoroacetic acid (TFA) (v/v). 

 

 

 

2.7.2 Mass spectrometry measurement on termination codon read through 

experiments 

 

LC-MS/MS analysis was carried out using an Orbitrap FusionTM mass 

spectrometer (Thermo Fisher Scientific) with a New Objective digital PicoView 565 

nanospray source (Scientific Instrument Services) coupled to a DionexTM UltiMateTM 

3000 RSLC Nanoliquid chromatograph. The peptides were loaded into an Acclaim 

PepMapTM 100 nano trap column (nanoViperTM C18, 0.3 × 5 mm, 5 µm particle size, 

100 Å pore size; Thermo Fisher Scientific) with loading buffer (2% ACN with 0.05% 

aqueous TFA (v/v)) for 5 min desalting at a flow rate 5 µl/min. Next, the peptides 

were eluted onto an Acclaim PepMapTM RSLC C18 (nanoViperTM 75 µm × 25 cm, 2 

µm particle size, 100 Å pore size, Thermo Fisher Scientific) kept at 50 °C and 

separated by linear gradient elution over 64-min from 2-25% B and 6-min gradient 

from 25-60% B, followed by a 10-min wash step with 98% B, and 34-min of 

equilibration with 2% B. Mobile phase A was composed of LC-MS grade water and 

0.1% formic acid (FA) while B was ACN 80% with 0.1% aqueous FA (v/v). The flow 

rate was 300 nl/min. The Orbitrap mass analyser was operated in positive ion mode, 

with the static positive ion spray voltage set to 2.45 kV, and ion transfer tube 

temperature to 275 °C. The master scan was acquired at resolving power settings of 

120,000 (FWHM @ m/z 200), precursor mass range 350-1400 m/z. The MS/MS 

spectra of multiply charged ions were collected in data-dependent mode (top20 

method of the most intensive precursors). Dynamic exclusion was set to 20 s. The 



66 
 

peptides were fragmented using collision-induced dissociation (CID) with the 

normalized collision energy setting at 35 %. The peptide fragments generated via 

CID were detected in an ion trap (rapid scan rate). The profile data was recorded in 

the master scan and the centroid data in MS/MS scans. 

 

2.7.3 Data analysis of p53 readthrough peptides 

 

  Data analysis was performed with the software Proteome DiscovererTM 

version 2.5 (Thermo Fisher Scientific). The database search was performed with 

Sequest HT search engine against the cRap protein database 

(ftp://ftp.thegpm.org/fasta/cRAP) containing all p53 possible read-through fasta 

sequences. The search engine settings employed 10 ppm precursor mass tolerance 

and 0.6 Da fragment mass tolerance, enzyme Trypsin (full), considering up to two 

missed cleavages and the following dynamic modifications: methionine oxidation 

(+15.995 Da); protein N-terminal acetylation (+42.011 Da), and static modification: 

cysteine carbamidomethylation (+57.021 Da). The results of the search were further 

submitted to generate the final report with the strict false discovery rate (FDR) 

threshold of 1% using a fixed value PSM validator. The IMP-ptmRS node was used 

for automated and confident localization of modification sites with calculating 

individual probability values for each putatively modified site based on the given 

MS/MS data.           

The original RAW files collected by mass spectrometry were processed and 

retrieved using PEAKS Studio 10.6 (Bioinformatics Solutions Inc. Waterloo, Canada) 

software. The search was done against a manually prepared database containing all 

p53 read-through and frame-shifted fasta sequences. The cRap protein database 

(ftp://ftp.thegpm.org/fasta/cRAP) with commonly appeared laboratory contaminant 

proteins was used too. The error tolerance for the precursor mass was set 10 ppm 

using monoisotopic mass and 0.6 Da for the fragment ion.  Trypsin was used for a 

specific digestion of proteins with 3 maximum missed cleavages per peptide and 

modifications: methionine oxidation (+15.995 Da); protein N-terminal acetylation 

(+42.011 Da), and cysteine carbamidomethylation (+57.021 Da). The Spider search 

was used for finding more protein/peptide mutations.  The results from data 
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evaluation were accompanied by the following parameters: (a) scan (indicates when 

MS/MS spectrum was measured); (b) -10lgP PEAKS peptide score (calculated for 

every peptide precursor spectrum match (PSM), the score is derived from the p-

value that indicates the statistical significance of the peptide PSM, the acceptance 

threshold was set to correspond to 1% FDR; (c) mass of the precursor peak and its 

m/z; (d) error of the precursor peak in ppm; (e) retention time (RT), and (f) area 

under the chromatographic peak. The mass spectrometry proteomics data have 

been deposited to the ProteomeXchange Consortium via the PRIDE (PMID: 

22073976). 

 

2.7.4 Immunopeptidomic MS analysis 

 

 I was also planning to travel to our collaborators lab in Gdansk to process 

immunopeptidomics. I was awarded NAWA PROM student exchange grant for travel 

and training at Institute of Cancer Vaccine Science; instead, I prepared acidic 

washes in Edinburgh and the material was sent to Gdansk for processing by Jakub 

Faktor as per 2.5.  Purification of immunopetides from contaminants was performed 

on Oasis HLB cartridges as follows: briefly, cartridges were equilibrated according to 

manufacturer instructions. Peptides were washed and desalted on Oasis column 

followed by elution with methanol gradient. Further cleaning of peptides was 

performed on 3kDa mass cutoff filters and dried. Immunopeptides were resuspended 

in 2.5% acetonitrile (ACN) 0.08% trifluoroacetic acid. Approximately one fourth of the 

sample was injected onto Ultimate 3000 RSLCnano System (Thermo Scientific, MA, 

USA) liquid chromatograph. PepMap™ 100 C18 stationary phase was used to 

separate peptides using a gradient with increasing percentage of Acetonitrile, 0.1% 

formic acid (FA) in water with 0.1% formic acid. Eluting peptides were detected using 

Exploris 480 Mass Spectrometer.  

 The data dependent method has been constructed according to  Chong et al 

(Chong et al., 2018). The data dependent method full scan was performed within m/z 

350 Th to m/z 1650 Th mass range. The top 20 the most intense precursor ions were 

fragmented followed by their exclusion was set for 20 sec. Minimum allowed 

precursor ion intensity was 3.0e3, normalized collision energy type with fixed 
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collision energy mode was selected. The collision energy was set to 30%. Orbitrap 

resolution was set to 60000. Data type was centroid. 

 Data independent acquisition method was prepared inspired by (Gillet et al., 

2012). Optimizations of DIA were made on precursor range, the initial method cycled 

within from 350 Th up to 750 Th and was only used for A375 dataset. Latest method 

covered also higher masses up to m/z 1100 Th. Setting the AGC target to 100% 

resulted in a method retrieving approximately 10 datapoints per peak which is in line 

with FDA requirements. 

 

Spectral library generation, database search 

 Spectral library was generated by searching the DDA data in MSFragger and 

COMET search engines on-specific peptide digestion was set. Precursor mass 

tolerance was set to from -8 to 8 ppm and fragment mass tolerance was set to 

10ppm. N-term acetylation and oxidation of methionine were set as variable 

modifications. Homo sapiens Uniprot database was used as search reference 

database. Spectral library was built from retrieved .pepXML files. 

  

Peptide quantification 

 Peptide quantification was performed in Skyline software. Briefly, extracted 

product ion chromatograms were generated in Skyline software for all peptide hits 

listed in spectral library with 0.055 m/z mass tolerance. The confidence of extracted 

peakgroups was calculated as Qvalue in mPROPHET algorithm. Peakgroups with 

high Qvalue (>0.01) were suspended from experiment. Area under the ROC 

(Receiver's Operating Characteristic) curve (AUC) was determined for peakgroups, 

and summed intensities were determined, and log transformed. Statistical analysis 

was performed in MSstats module. Differential immunopeptide quantitation across 

specified conditions was performed pairwise via mixed-effect models. P values of 

fold changes were adjusted using Benjamini-Hochberg (Benjamini & Hochberg, 

1995). Graphical output was generated in R packages plyr 1.8.6., ggplot2 3.3.5., 

Heatplus 3.0.0., ProBatch 1.8.0 
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2.8 Bioinformatic analysis 

 

 

2.8.1 RNA-seq analysis 

 

RNA was processed by Otogenetics for paired-end RNA sequencing analysis, 

using an Illumina HiSeq 2500 and designated 20 million reads. Paired fastq files 

from RNAseq reads were imported and processed using CLC Genomic Workbench 

12.0 to measure total RNA expression levels. Sequencing reads were mapped to the 

human reference genome GRCh38 was taken for comparison with the following 

mapping settings: mismatch cost: 2, insertion cost: 3, deletion cost: 3. The results 

were compared using RNA gene expression for each condition, taking TPM 

(Transcript Per Million) values as reporting abundances and log2 (TPM condition 1 

versus log2 (TPM condition 2) as comparison values. 

 

2.8.2 Variant detection 

 

The process of obtaining the list of sequence variants is complex and consists 

of several steps. Detection of mutational load was performed with the use of two 

platforms: CLC Bio and Mutect2 (Figure 2.1).  

Approach supported by GATK, requires access to a big volume of 

computational power, therefore the analysis was performed on Prometheus server, 

to which access was granted through collaboration with Bioinformatic Group from the 

International Centre for Cancer Vaccine Science in Gdansk, Poland.  

 First step of RNA variant calling involved processing of RNA fastq files by 

FASTQC for quality control. Once the control is passed, the files are aligned to a 

reference genome using STAR version 2.6.1d, specifically using the 2-pass system 

where first, the novel detected junctions will be inserted into the genome indices, and 

then, all reads will be re-mapped using annotated and novel junctions. This process 

results in creation of a bam file, which later undergoes sorting, conversion and 

marking of the duplicates. Next, a base recalibration is performed, variants are called 

using HaplotypeCaller and then filtered using tumour/normal pairs. 
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.  

Figure 2.1 GATK RNA variant discovery pipeline (source 

http://www.broadinstitute.org/gatk/guide/best-practices). Software firstly trims the adapter se-

quences and bases with low quality, to remove sources of potential error. Sequencing reads are then 

mapped to human reference hg38. Next, the software removes duplicate mapped reads to remove 

paired reads that have the same start and end coordinates. Sequences are filtered through dbSNP 

databases to remove known germline variants. Last, the variants are annotated to match mutated 

genes with their function. 

 

 

 In the CLC Bio approach, the software firstly trims the adapter sequences 

and bases with low quality, to remove sources of potential error. Sequencing reads 

were mapped to human reference hg38. Then the software removes duplicate 

mapped reads to remove paired reads that have the same start and end coordinates 

and are, thus, probably PCR duplicates. Sequences were also filtered through 

dbSNP databases to remove known germline variants. 

The output files containing the recognised mutations, have been extracted 

and analysed using Variant Effect Predictor that determines the effect of the variants 

(SNPs, insertions, deletions, CNVs) on genes, transcripts, and protein sequence, as 

well as regulatory regions. Detected variants have been categorised according to the 

mutation types and frequency. For analysis of changes occurred in signalling 

pathways Ingenuity Pathway Analysis (IPA) software was used. 
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Discovered RNA variants were in silico translated and cut to obtained 8-

12mer peptides, which could potentially be presented by MHC machinery. 

Additionally, comparison of detected RNA variants with previously identified 

DNA variants by (Faktor et al., 2018) has been performed. CLC Bio platform allows 

for simultaneous analysis of DNA and RNA samples in order to detect changes 

occurring at genomic or transcriptomic level. Comparison tool was used with these 

set parameters for the low frequency variant detection: minimal sequence coverage 

of 5, minimum count of 1 for DNA variants and 2 for RNA, minimum frequency of 

variant at 5%. The most important tracks generated by this pipeline are information 

about variants found in both DNA and RNA and detailed information about variants 

found in DNA or RNA track. 

 

2.8.3 NetMHC affinity analysis 

 

Immune epitope prediction was performed on translated peptide sequences 

harbouring detected mutations using the NetMHCpan v4.0. The software was 

inspired by the principles introduced by Brusic et al. (Brusic et al., 1998), who 

augmented the information about peptide binding, that were used to train the 

prediction model with information about the amino acids defining the MHC binding 

cleft. Since, it has been shown that A375 cell line expresses HLA-A0301 and HLA-

B0702, the samples were analysed in consideration of those HLA two isotypes. 

Peptides with a predicted affinity rank > 0.5 were classified as strong binders and will 

be used later for the construction of neoantigen vaccine. 
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3 Developing rules for stop codon 

readthrough in the presence of NMD 

inhibitors 

 

3.1 Introduction 

 

Translation from messenger RNA (mRNA) starts when an initiation codon 

enters the A-site of the ribosome and terminates when site A of the ribosome 

encounters one of the stop codons UAA, UAG, or UGA (Labunskyy et al., 2014). It 

has been shown that decoding of each codon varies, depending on the tRNA 

availability. After the translational machinery reaches a termination site, competition 

occurs between the termination complex and near-cognate tRNAs (Palma & 

Lejeune, 2021). 

However, in some cases translation machinery may not recognise terminating co-

dons and continue to extend the protein in C-terminal domain, the phenomenon is 

called stop codon readthrough (Schueren et al., 2014). Efficiency of this process de-

pends on a competition between stop codon recognition by a class I release factor 

and decoding of the stop codon by a near-cognate tRNA. This decoding leads to the 

readthrough, by incorporating an amino acid in place of the stop and to the synthesis 

of an extended protein that ends at the next stop codon present in the same reading 

frame (Figure 3.1) (Baradaran-Heravi et al., 2016). Previous studies reveal that stop 

codons differ in readthrough efficiency, with UGA resulting in the highest, and UAA 

the lowest level (Bonetti et al., 1995; Loughran et al., 2014).  
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Figure 3.1 Protein translation in the presence and absence of PTC. a) Translation from messen-

ger RNA starts when an initiation codon enters the A-site of the ribosome and terminates when site A 

of the ribosome encounters one of the stop codons UAA, UAG, or UGA. b) In the presence of PTC, 

translational machinery stalls leading to production of truncated non-functional protein.c) Aminoglyco-

sides bind at the decoding centre of the eukaryotic ribosome altering the ability of translation termina-

tion factors to accurately recognize a PTC. That leads to the increase of pairing of near-cognate ami-

noacyl-tRNAs with the PTC and enables formation of full-length protein. Depending on the amino acid 

inserted at the PTC position, formed protein can be functional or non-functional. 

 

Premature stop codons (PTCs) are a result of nonsense mutations, that occur 

when a codon for an amino acid is changed to a STOP codon, which in turn stops 

the translation of the protein earlier than expected. Transcripts carrying PTC form 

defective truncated proteins, that are non-functional and have been shown to lead to 

many pathologies (Bidou et al., 2004, 2017; De Boeck et al., 2014). Plethora of 

cancers are linked to a PTC found in tumour suppressor genes, resulting truncated 

protein unable to either inhibit cell proliferation or promote apoptosis. Substitution 

nonsense mutations account for 8% of TP53 mutations in cancer. The most common 
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nonsense mutation occurring in TP53 gene is R213X, affecting 1.3% of patients 

(Baradaran-Heravi et al., 2016).  

Readthrough of PTCs can serve as a promising therapeutic approach in 

restoring the physiological role of affected proteins as well as, through incorporation 

of amino acid different from the wild-type sequence instead of STOP codon, 

generating potentially immunogenic isoforms (neoantigens). Small molecules exist 

that interfere with PTC recognition and lead to production of full-length, often 

functional protein (Clancy et al., 2001). Agents that have been proven to have the 

highest impact on the STOP codon readthrough are aminoglycosides. Their 

efficiency to interfere with PTC recognition has been evaluated for different genes 

(Bidou et al., 2004; Borgatti et al., 2020). Aminoglycosides bind at the decoding 

centre of the eukaryotic ribosome, which alters the ability of translation termination 

factors to accurately recognize a PTC. That leads to an increase of pairing of near-

cognate aminoacyl-tRNAs with the PTC and enables formation of full-length protein 

(Baradaran-Heravi et al., 2016). 

The PTC suppression is controlled not only by the readthrough drugs, but also 

by the PTC mRNA abundance, which depends on the efficiency of nonsense-

mediated decay pathway (Palma & Lejeune, 2021). Therefore, NMD inhibition is 

considered an important target to mediate gene expression, and current strategies 

aiming to treat the negative effects of nonsense mutations search for chemical 

compounds targeting either premature translation termination, NMD, or both 

(Andreutti-Zaugg et al., 1997). It has been shown, that when used in cells carrying 

PTC mutated p53, NMD inhibition combined with the use of a PTC readthrough drug 

led to restoration of full-length p53 protein, upregulation of p53 downstream 

transcripts, and cell death (Martin et al., 2014). 

The mechanism of amino acid incorporation during the readthrough process is 

still not fully understood. As cancers can induce novel frameshift-stop codon 

mutations, it is important to develop deeper rules that predict the type of mutated 

peptide sequences that can be induced by nonsense-suppression. Such insights 

might accelerate the development of drugs that can induce production of novel 

neoantigens for the induction of tumour rejection. 
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3.2 Aims 

 

One of the main aims of this Precision Medicine PhD was to develop a pipeline 

of methods to identify mutated neoantigens that could form the basis for 

personalised cancer vaccines. In this case two cancer models were used: human 

melanoma cell line A375 and mouse melanoma B16 (not described in this thesis). In 

addition, NMD inhibitor was used as a “drug lead” due to the fact that genetic 

suppression of NMD was shown to result in tumour rejection in mouse models 

(Becker et al., 2021). Created pipeline also involved the application of DNAseq and 

RNAseq to make a cancer specific reference database that identifies not only 

mutated proteins but premature stop codons (in frame or out of frame) which 

readthrough could generate novel amino acids (neoantigens or tumour specific 

antigens). This first chapter therefore aimed to determine rules for readthrough of a 

model tumour suppressor gene TP53 carrying a nonsense mutation and trying to 

define the codon choice a cell makes in reading through a PTC after the treatment 

with G418 and NMDI14.  The purpose of identifying such rules is to produce a ‘more 

improved’ reference database of mutated proteins including those incorporated 

during stop codon readthrough when we search for novel peptides in the 

immunopeptidome, as described later in Chapter 4 and 5.  
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3.3 Results 

 

3.3.1 G418 and NMDI14 treatment leads to restoration of p53 expression in 

cell lines  

 

Some cancers such as oesophageal adenocarcinoma have a high frequency 

of nonsense mutations (~30%; from pan-cancer atlas libraries; cBIOPORTAL); but in 

particular approximately 10% of all human cancers are reported to contain p53 PTCs 

(M. Zhang, Heldin, et al., 2018b). As such, the p53 gene is a good model to begin to 

address what types of amino acids can be incorporated at a PTC upon treatment 

with readthrough inducers that stimulate amino acid misincorporations at these 

codons. The ultimate therapeutic goal is to control the type of amino acid inserted 

Figure 3.2 Western blot analysis of A375-p53-SBP (A), A375-p53-R213X-SBP (B), NH1299-p53-

R213X-SBP (C), HDQ-P1 (D) and ESS1 (E) cell lines treated for 48h with G418 (1), NMDI14 (2) 

and combination of those compounds (3).The effects of p53 protein production after treatment 

with either an NMD inhibitor or G418 (Gentamycin) was assessed by western blot analysis as indi-

cated. Lysates were immunoblotted with antibodies to either p53 protein or house-keeping gene 

product GAPDH. 

 

Figure 3.1 Tryptic peptide coverage of the p53 protein expressed from the R213X expression 

plasmid by TripleTOF analysis. H1299 cells were transfected with plasmid expressing the UGA 

termination codon at codon 213 and treated with Gentamycin. Samples were processed as indicated 

in the methods to produce tryptic peptides from the gel slice. The figure shows an example of one 

mass spectrometric run that detected readthrough of the premature termination codon as defined by 

detection of the SBP tag sequence at the very C-terminus (highlighted in green; 425-

LEHHPQGQREP-435) but where there was no tryptic peptide coverage over the 213 stop codon. The 

remaining amino acids highlighted in green, mostly in the N-terminus prior to codon 213 highlight the 
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during readthrough to reactivate the wild-type tumour suppressor functions of p53. 

Since the most common nonsense mutation occurring in the TP53 gene is at R213X 

(M. Zhang, Heldin, et al., 2018a), the type of the amino acid incorporated at that site 

(such as the wild-type Arg itself) upon drug treatment could give a therapeutic 

solution by the reactivation of wild-type p53 function. To assess, whether NMD 

inhibition and/or PTC readthrough using the aminoglycoside G418 leads to the 

restoration of p53 protein expression, ESS1 and HDQ-P1 cell lines carrying R213X 

have been firstly used (Baradaran-Heravi et al., 2016) (Figure 3.2 C, E). Cells were 

treated with NMD inhibitor NMDI14 and/or G418 drug for 48h. P53 protein 

expression of treated cells was analysed by western blot and compared with 

untreated controls The NMD inhibitor (NMDi14) is not as effective in the production 

of full-length p53 (Figure 3.2 C, E). Interestingly, combining G418 with NMDi14 

treatment did not lead to detectable synergy in the production of full-length p53 

protein (Figure 3.2).  

However, to model the PTC readthrough and test the sequence of the translated 

protein, cell lines not exhibiting p53 expression, A375 p53-/- and NH1299, were 

transiently transfected with plasmid encoding wild-type or mutated (R213X) p53 

tagged with the Streptavidin-binding protein (SBP). The SBP-tag at the C-terminus 

was incorporated to potentially enable isolation of the full-length p53 protein from the 

cell lysates using streptavidin beads after the successful readthrough for subsequent 

trypsinization and peptide identification by mass spectrometry. Western blot analysis 

revealed that treatment of cells expressing the R213X gene from the plasmid with 

the NMD inhibitor (NMDI14) induced weak readthrough. On the other hand, G418 

induced more pronounced restoration of the full-length p53 protein after 48h. 

Combination of two agents NMDI14 and G418 did not synergize to induce more full-

length p53 to appreciable levels, than G418 alone. Additionally, treatment with 

NMDI14 and G418 did not affect the expression of the p53 gene without the 

premature termination codon (Figure 3.2 A). Interestingly, NMD inhibition in cell lines 

stably expressing R213X led to a much weaker p53 restoration, than in the case of 

plasmid-expressed protein (Figure 3.2 B, D). 

Together, these data indicate that the H1299-p53 null cell line can be used as a 

model upon transfection with a plasmid containing C-terminally tagged SBP-tagged 

p53 with a stop codon at the 213 position and treatment with G418 should be used 
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for readthrough induction. The weakness of this approach is that G418 and NMDi 

may not induce the same set of readthrough rules, nevertheless, this was a proof of 

concept to determine whether we can detect readthrough amino acids sequences on 

a human target protein. The vast majority of cancer vaccines do not use mass 

spectrometry derived peptide data at all; relying on RNAseq libraries (Sahin et al., 

2017).  Therefore, to improve on future cancer vaccines it would be optimal to know 

the types of neoantigens generated by readthrough induction. 

 

Figure 3.3 Tryptic peptide coverage of the p53 protein expressed from the R213X expression 

plasmid by TripleTOF analysis. H1299 cells were transfected with plasmid expressing the UGA 

termination codon at codon 213 and treated with Gentamycin. Samples were processed as indicated 

in the methods to produce tryptic peptides from the gel slice. The figure shows an example of one 

mass spectrometric run that detected readthrough of the premature termination codon as defined by 

detection of the SBP tag sequence at the very C-terminus (highlighted in green; 425-

LEHHPQGQREP-435) but where there was no tryptic peptide coverage over the 213 stop codon. The 

remaining amino acids highlighted in green, mostly in the N-terminus prior to codon 213 highlight the 

sum of peptide sequence identified. Data analysis was performed with the software Proteome Dis-

covererTM version 2.5 (Thermo Fisher Scientific)  

 

After establishing the efficiency of the readthrough, cell lysates were 

subjected to streptavidin-coated beads in order to pull down SBP-tagged p53 

protein. The captured proteins were then trypsinized on the beads and analysed 

using mass spectrometry by our collaborators at Masaryk Memorial Cancer Institute 

in Brno, Czech Republic (Figure 3.3). The yield of the SBP-p53 protein pulldown was 

relatively low (data not shown), when using this method, which led to many rounds of 
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unsuccessful optimization before we decided to modify the approach and to use anti-

p53 antibody (DO-1)-cross-linked protein G beads. Using the DO-1 monoclonal 

antibody, allowed to recover more p53 protein. Using the DO-1 monoclonal antibody 

(which binds to the N-terminus of p53, before the PTC), we recovered more p53 

protein (data not shown); however, on-bead trypsinization was poor (data not 

shown). Thus, the material captured in the DO-1 antibody bead precipitation was 

eluted with SDS sample buffer and we used SDS-gel electrophoresis to recover 

protein followed by in-gel trypsinization (Methods 2.7.1). This method yielded better 

peptide recovery as evidenced by the number of tryptic peptides identified after the 

addition of G418. TripleTOF mass spectrometric analysis showed that after treating 

cells with G418, immunoprecipitation with DO-1, processing by SDS-gel 

electrophoresis, and trypsinization, the peptide sequence surrounding premature 

stop codon at the 213 position was often not detected reproducibly (Figure 3.3). 

Interestingly, the spectra search revealed the presence of peptides closer to the C-

terminus, which demonstrates that that the readthrough event occurred (Figure 3.3). 

Due to this low coverage and upon recommendations from our collaborators in 

Masaryk Institute in Brno, TripleTOF method was not used in the further sample 

analysis. Instead, the samples were re-analysed using Orbitrap Fusion mass 

Figure 3.4 Tryptic peptide coverage of p53 protein expressed from the R213X expression 

plasmid eluted from DO-1-conjugated beads and analysed by Orbitrap Fusion.  

Example of another independent representative mass spectrometric run with tryptic peptides from 

DO-1 bead pull down, that detected readthrough of the 213 premature termination codon resulting in 

the detection of a R incorporation at the 213 codon and creating the tryptic peptide 203-

VEYLDDRNTFR-213. Data analysis was performed with the software Proteome DiscovererTM ver-

sion 2.5 (Thermo Fisher Scientific). 

 

 

Figure 3.285 PEAKS analysis of 203-VEYLDDRNTF*-212 peptide detected after p53 STOP co-

don readthrough. MS/MS spectrum for VEYLDDRNTFR peptide and table with ion matches (red are 

y- ions and blue are b- ions). Further are introduced parametrs from the measurement and evaluation: 

scan: 16 697; -10lgP PEAKS score: 47.67; mass of the precursor peak: 1426.63, m/z 714.35  (z = 2); 

error in ppm: 1.1;  RT 27.10 min.Figure 3.286 Tryptic peptide coverage of p53 protein expressed 

from the R213X expression plasmid eluted from DO-1-conjugated beads and analysed by Or-

bitrap Fusion.  

Example of another independent representative mass spectrometric run with tryptic peptides from 

DO-1 bead pull down, that detected readthrough of the 213 premature termination codon resulting in 

the detection of a R incorporation at the 213 codon and creating the tryptic peptide 203-

VEYLDDRNTFR-213. Data analysis was performed with the software Proteome DiscovererTM ver-

sion 2.5 (Thermo Fisher Scientific). 

 

 

Figure 3.287 PEAKS analysis of 203-VEYLDDRNTF*-212 peptide detected after p53 STOP co-

don readthrough. MS/MS spectrum for VEYLDDRNTFR peptide and table with ion matches (red are 

y- ions and blue are b- ions). Further are introduced parametrs from the measurement and evaluation: 

scan: 16 697; -10lgP PEAKS score: 47.67; mass of the precursor peak: 1426.63, m/z 714.35  (z = 2); 

error in ppm: 1.1;  RT 27.10 min. 

 

Figure 3.288 PEAKS analysis of 203-VEYLDDRNTF*-212 peptide detected after p53 STOP co-

don readthrough. MS/MS spectrum for VEYLDDRNTFR peptide and table with ion matches (red are 

y- ions and blue are b- ions). Further are introduced parametrs from the measurement and evaluation: 
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spectrometry machine, which showed higher p53 tryptic peptide coverage than the 

previous method (Figure 3.4).  

 

Unfortunately, introduced STOP codon at position 213 had a very low 

detection rate, compared to other peptides. In the proximity of position 213, only low 

frequency tryptic peptide 203-VEYLDDRNTF*-212 has been detected. Identified Arg 

(R) incorporation at the 213-stop codon produces a tryptic cleavage site at Arg-213 

(Figure 3.4). However, we could not detect other possible amino acids incorporated 

at codon 213, presumably because the resulting tryptic peptide was too long with the 

next available trypsin cleave site at codon 248 and possible yield recovery of this 

larger tryptic peptide is poor. Interestingly, incorporation of R restores the wild-type 

sequence to p53 suggesting that the UGA stop codon, at least at codon 213 can be 

targeted to restore wt-p53 function. Using a different software (PEAKS) the spectra 

resulting from this is more visible (Figure 3.5). However, we could not detect p53 

activity in cells treated with Gentamycin (data not shown), suggesting that other 

amino acids might be incorporated at the 213 codon that create a mutant p53; and 

as mutant p53 can inactivate wt-p53 through mixed oligomers, Gentamycin cannot 

reactivate full-length p53 function in these conditions. There are studies reporting 

reactivation of p53 function using a gene with a R213X mutation (Floquet et al., 

Figure 3.5 PEAKS analysis of 203-VEYLDDRNTF*-212 peptide detected after p53 STOP 

codon readthrough. MS/MS spectrum for VEYLDDRNTFR peptide and table with ion 

matches (red are y- ions and blue are b- ions). Further are introduced parametrs from the 

measurement and evaluation: scan: 16 697; -10lgP PEAKS score: 47.67; mass of the pre-

cursor peak: 1426.63, m/z 714.35  (z = 2); error in ppm: 1.1;  RT 27.10 min. 
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2011; M. Zhang, Heldin, et al., 2018a) but the type of amino acids incorporated at 

the premature termination codon position were undefined.  

 Additionally, the assessment of the effect of surrounding sequence on amino 

acids inserted at the PTC as a result of the readthrough was impossible, due to such 

low sequence coverage. 

 

3.3.2 Mass spectrometry analysis reveals amino acids inserted at the PTC 

position 

 

Apart from the variable R incorporation at codon 213 in the presence of 

Gentamicin (Figure 3.4), the poor tryptic peptide sequence coverage around the 213-

position led to exploration of other PTC positions that could be developed to allow 

the detection of the amino acid inserted during the readthrough event. Since the 

tryptic peptide 122-SVTCTYSPALNK-132 was recovered reproducibly (Figure 3.4), 

we decided to incorporate termination codons within this tryptic peptide since it 

showed higher stability in the mass spectrometer. p53 expression plasmids were 

developed that incorporate a string of single synthetic UGA stop codons at 

S127P128A129 within the tryptic p53 peptide 122-SVTCTYSPALNK-132. 

By using these plasmids, we first tested the influence of the stop codon 

position on the readthrough.  To increase the yield of the p53 pulldown, after 

transfection, cells were selected for 4 weeks with hygromycin to maintain in culture 

only those carrying hygromycin resistance gene alongside tagged p53 with 

nonsense mutation. The treatment of cells stably expressing the p53-UGA129 (Ala 

stop) mutation, immunoprecipitation and trypsinization of p53, resulted in the 

incorporation of R, C, A and W in the tryptic peptide at codon-UGA129 relative to the 

original p53 sequence 121-SVTCTYSPALNK-132. Readthrough of the PTC at codon 

128 to yield the tryptic peptides substituted with R, C and W, compared to full-length 

p53 sequence 121-SVTCTYSPALNK-132. And finally, codon 128 readthrough lead 

to PTC substitution with R, C and W; relative to the wild-type p53 sequence 121-

SVTCTYSPALNK-132. 

Data analysis was initially performed with the use of Proteome DiscovererTM software 

version 2.5. Two independent biological duplicates, measured in triplicate, gave 
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variable yield of the novel peptides (Figure 3.6).  However, since analysis of mass 

spectra is a very intricate field. Another software was utilized to confirm or disprove 

the sequence of peptides created during the readthrough process (Figure 3.7, Figure 

3.8, Figure 3.9).The original RAW files collected by mass spectrometry were 

processed and retrieved using PEAKS Studio 10.6 (Bioinformatics Solutions Inc. 

Waterloo, Canada) software. The search was done against a manually prepared 

database containing all p53 readthrough and frameshifted fasta sequences. The 

cRap protein database (ftp://ftp.thegpm.org/fasta/cRAP) with commonly appeared 

laboratory contaminant proteins was also applied.  
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Figure 3.6 Tryptic peptide coverage of the p53 protein expressed from UGA premature termination codons at co-

dons 127, 128, and 129. H1299 cells were stably transfected with plasmid expressing the UGA termination codon at co-

dons (A) 129; (B) 128; and (C) 127 and treated with G418. Samples were processed as indicated in the methods to pro-

duce tryptic peptides from the gel slice. In the construction of an artificial termination codon model, we chose to focus on 

the tryptic peptide 121-SVTCTYSPALNK-132 because it was most often reliably detected in many independent mass 

spectrometric runs.  (A). Example of one mass spectrometric run that detected readthrough of the premature termination 

codon at codon 129 to yield the tryptic peptides substituted with R, C, W and A, relative to the wild-type p53 sequence 

121-SVTCTYSPALNK-132. The C-terminal SBP tag sequence was also recovered in this run (in green, as defined by de-

tection of the SBP tag sequence at the very C-terminus (highlighted in green; 425-LEHHPQGQREP-435). (B). Example of 

one mass spectrometric run that detected readthrough of the premature termination codon at codon 128 to yield the tryp-

tic peptides substituted with R, C and W; relative to the wild-type p53 sequence 121-SVTCTYSPALNK-132. (C) Example 

of one mass spectrometric run that detected readthrough of the premature termination codon at codon 127 to yield the 

tryptic peptides substituted with R, C and W; relative to the wild-type p53 sequence 121-SVTCTYSPALNK-132. 
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Figure 3.7 PEAKS analysis of p53-129-STOP codon readthrough. Peptides identified by Orbitrap 

Fusion mass spectrometry measurement from readthrough of plasmid encoding p53 with 129-STOP 

codon and analysed with PEAKS software MS/MS spectrum for SVTCTYSPR (A) and 

SVTCTYSPWLNK (B) and SVTCTYSPCLNK (C) peptide and table with ion matches (red are y- ions 

and blue are b- ions). 

 

 

C 

A  

B 
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A 

B 

C 

Figure 3.8 PEAKS analysis of p53-128-STOP codon readthrough. Peptides identified by Orbitrap Fu-

sion mass spectrometry measurement from readthrough of plasmid encoding p53 with 128-STOP codon 

and analysed with PEAKS software. MS/MS spectrum for SVTCTYSWALNK (A), SVTCTYSWALNK (B) 

and SVTCTYSR (C) peptide and table with ion matches (red are y- ions and blue are b- ions). 
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A 

B                                                                     

C                                                                       

Figure 3.9 PEAKS analysis of p53-127-STOP codon readthrough. Peptides identified by Orbitrap Fu-

sion mass spectrometry measurement from readthrough of plasmid encoding p53 with 127-STOP codon 

and analysed with PEAKS software. MS/MS spectrum for SVTCTYWPALNK (A), SVTCTYRPALNK (B) 

and SVTCTYCPALNK (C) peptide and table with ion matches (red are y- ions and blue are b- ions). Fur-

ther are introduced parameters from the measurement. 

. 
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 Semi-quantitative analysis in triplicates (Supplementary Figure 7.2) showed 

that R and W were the most frequently introduced at the codon-UGA129, which fitted 

the wobble model, where for the tRNA anticodon-mRNA pairing to occur even two 

out of three positions are sufficient.  

We evaluated the p53-UGA127 (Ser stop) and p53-UGA128 (Pro stop) (Figure 3.7, 

Figure 3.8, Figure 3.9). In one independent experiment, we found Cysteine alone 

was found the most abundant amino acid inserted at the p53-UGA128 (Pro stop) 

(Figure 3.11 A). However, in another experiment, R incorporation dominated at the 

p53-UGA128 codon with levels of C insertions equivalent to W (Figure 3.10 C, 

Figure 3.9). We think the variability between independent experiments done on 

different dates stems from the multiple steps in the pipeline; (i) variability in the 

covalent conjugation of the DO-1 antibody to the beads can vary the amount of p53 

recovered in the immunoprecipitation, and (ii) variability in trypsinization from the gel 

slice can also contribute to difference in p53 peptides recovered. 

 In the case of the p53-UGA127 codon, in both independent experiments, R was the 

most dominant amino acid inserted at approximately 50% with equivalent levels of W 

and C detected (Figure 3.9). Thus, it appears that all three codons at positions 

UGA127, UGA128, and UGA129, generally tolerated an R as the dominant amino 

acid incorporated as a result of a readthrough.  A prior report using yeast and 

luciferase as the protein model with a UGA codon identified W as the predominant 

amino acid inserted in PTC over R (Roy et al., 2015). In addition, a recent report 

using bacteria cells as a model identified the W as a dominant amino acid 

replacement at the UGA codon using (mCherry-TGA-YFP reporters) or the RpsG 

nonsense mutation gene as encoding model proteins (M. Zhang, Heldin, et al., 

2018a).  There could be several reasons for why the R>W dominates in our model, 

whereas W>R dominates in the other models, The dominance of R over W at the 

UGA codon might be in the more stable G-U base pair between the position 1 (U) of 

the stop codon (UGA) and the position 3 (G) in the anticodon of Arginine, which is 3’-

GCU-5’. It might also reflect differences in the cells used, as our model cell is the 

H1299 human cancer cell and the prior models used yeast cells as the model (Roy 

et al., 2015) or bacteria (M. Zhang, Heldin, et al., 2018a). 
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3.3.3 Influence of stop codon sequence on the choice of amino acids inserted 

at the PTC position 

 

Various studies showed that different stop codons impact the efficiency of 

readthrough.  To study this phenomenon, we designed plasmids p53-STOP129 that 

encoded three different termination codons UAA, UAG, UGA to test wether the 

preference of amino acid incorporation shifts with the stop codon change.  

H1299 cell line was transfected with plasmids carrying p53 with nonsense 

mutation and hygromycin resistance gene for selection. Populations expressing 

studied constructs were then treated for 48h with G418 readthrough drug. P53 

protein was isolated via beads-DO1 pulldown as described previously (Methods 

2.6.2) and prepared for mass spectrometry measurement. 

 Analysis revealed that UAA and UAG stop codons demonstrated 

a preferance towards Q insertion and less frequently Y (Supplementary Figure 7.2 A, 

B, Figure 3.11). Both of these amino acids show two base pairing of these 

anticodons to UAA and UAG. In another independent experiment, R dominated at 

the p53-UGA128 codon with C levels equivalent to W (Supplementary Figure 7.2 F). 

At the UAA codon, in technical triplicates, Q was detected 71% frequency with the Y 

at 28%  (Supplementary Figure 7.2 A) whilst at the UAG codon, in technical 

triplicates, Q was detected 77% frequency with the Y at 23%  (Supplementary Figure 

7.2 A, B). A prior report using yeast as the model also generally detected Q as 

dominating over Y at the UAG stop, with Q and Y incorporated at relatively similar 

levels at the UAA stop (Roy et al., 2015). The domination of Q in our model might be 

explained by the more stable G-U base pair between the position 1 (U) of the stop 

codon (UAA) and the position 3 (G) in the anticodon of Glutamine, which is 3’-GUU-

5’. For example, presumably E is not detected as a readthrough amino acid 

replacement because the anti-codon for E is 3’-CUU-5’ and the C-U bonding it not as 

stable as a ‘wobble’ replacement.  

These data confirms that position of premature termination codon, as well as 

its sequence influences the choice of amino acid inserted during readthrough (Figure 

3.12). These results also open possibilities of developing promising treatments of 

cancers linked with nonsense mutations in tumour suppressor genes. Therefore, 
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understanding the mechanism of this process is a vital point to optimise restoration 

of proteins carrying those mutation. 

 

 

   

 

Figure 3.10 PEAKS analysis of peptides detected after p53-UGA127 codon readthrough A) MS/MS spectrum for 

SVTCTYSPQLNK peptide and table with ion matches (red are y- ions and blue are b- ions).  B) MS/MS spectrum for  

SVTCTYSPYLNKpeptide and table with ion matches (red are y- ions and blue are b- ions) 

A 

B                                                                         
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There are still many questions to answer regarding the mechanism of the PTC 

readthrough, such as whether the flanking amino acids or local folding motifs impact 

on the choice of tRNA-aa type, or can the choice be manipulated by regulating levels 

of tRNA synthetases/ligases. 

 

 

 

Figure 3.11 PEAKS analysis of peptides detected after p53-UAA127 codon readthrough. A) MS/MS 

spectrum for SVTCTYSPYLNK peptide and table with ion matches (red are y- ions and blue are b- ions) B) 

MS/MS spectrum for SVTCTYSPQLNK peptide and table with ion matches (red are y- ions and blue are b- 

ions) 

A 

 

 

 

      

      B 
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3.4 Discussion 

 

          Readthrough of premature termination codons has long been recognized as a 

potential therapeutic strategy for diseases where a nonsense mutation leads to 

expression of a truncated protein. In these cases, induction of stop codon 

readthrough would allow for the production of a full-length protein that may retain 

wild-type function and ease the disease symptoms (Jagannathan & Bradley, 2016).  

Aminoglycosides are the most widely studied readthrough-inducing drugs that hold 

therapeutic potential in a wide variety of contexts, such as epilepsy (Huang et al., 

2012), Duchenne muscular dystrophy (Malik et al., 2010), and cancer (Bordeira-

Carriço et al., 2012). First studies showing that some aminoglycosides could partially 

restore the synthesis of an entire protein from a gene carrying nonsense mutation 

were published in 1985 (Burke & Mogg, 1985). With the expansion of knowledge 

about protein translation, novel molecules promoting PTC readthrough were 

identified, such as proposed by Baradaran-Heravi et al. the use of  the minor 

component of gentamycin, gentamicin B1 (B1), as a potent readthrough inducer 

(Baradaran-Heravi et al., 2016). 

Here, we aimed to develop a PTC model using a specific gene (p53) in a 

human cell model that exploits the ability of mass spectrometry to identify the amino 

acids inserted when a PTC occupies the ribosomal A site. Methodologies we 

developed using this cell model can be used to begin to manipulate or fine-tune the 

quantitative incorporation of specific amino acids of choice during the readthrough 

process and control the type of functional protein produced after premature 

termination codon read-through and/or the C-terminal termination codon read-

through. 

It has been shown that, similarly to natural ribosomal readthrough, the drug-

induced readthrough is likely to be influenced by stop codon sequence context 

(Wangen & Green, 2020). Efficiency of stop codon readthrough has been shown to 

depend on various factors. Genome-wide studies in both yeast and human cells 

have identified the UGA stop codon as more permissive to readthrough than the 

other two stop codons (Mangkalaphiban et al., 2021; Wangen & Green, 2020). 

Studies proved that sequence surrounding the stop codon, both upstream and 

downstream, can significantly influence the rate of readthrough (Wangen & Green, 
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2020), highlighting that sequences directly downstream of the stop codon have the 

strongest effect on readthrough rate.  

However, when we discuss the therapeutic effect, not only rate, but also quality 

of readthrough is of high importance. By quality we can understand the insertion of 

amino acids at the stop position and recovery of the wild-type function. Here we 

report on the development of a model cell line using nonsense mutations in p53 as a 

tool to begin to define the type of amino acids incorporated during readthrough. In 

our model we observed the incorporation of R, W, or C as the dominant amino acids 

at a UGA termination codon, as well as Q or Y at the UAA and UAG termination 

codons, similarly to those reported in other models (Roy et al., 2015; M. Zhang, 

Heldin, et al., 2018a). Although there were some quantitative differences (R over W 

at UGA and Q over Y at the other two) that suggest position 1 of the codon and 

position 3 of the anticodon play a more important role in readthrough in the presence 

of Gentamycin (Figure 3.12).  

Identification of peptide sequence can be a challenging process. Starting with 

the method of sample preparation for the mass spectrometry analysis. Majority of 

proteomics studies use a bottom-up strategy that involves digesting proteins to 

peptides, usually with trypsin, to overcome the vast physiochemical diversity of 

proteins in the cell.  Samples prepared like that undergo Liquid Chromatography with 

tandem mass spectrometry (LC-MS/MS), which involves physical separation of 

target compounds (or analytes) followed by their mass-based detection. However, 

not all tryptic peptides can by analysed through LC-MS/MS, and due to this, proteins 

found in complex samples are usually annotated through partial sequences. The 

coverage of detected protein can estimate between 10-100% and depends on the 

protein type and experimental setup (Alfaro et al., 2021). Advancements in 

computation approach to MS data had a massive impact on LC-MS/MS improvement 

(Alfaro et al., 2021). These methods are used to assign peptide sequence to the 

measure ion current. 
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Our model shows variability in the p53 detection, which might be due to several 

steps including variability in the amount of DO-1 antibody bound to the beads as a 

batch-to-batch variation or in the amount of p53 produced during the read though 

process. Thus, because of this variability, technical triplicates were required in any 

given experiment to allow for semi-quantitation.  

Ma et al, in their study created a hypothetical peptide library containing all 

combinations of LEHHHHHHXXX peptide, wherein X was any amino acid 

incorporated at the three residue positions directly downstream of the UAG codon 

(N. J. Ma et al., 2018). This reference data, served as a platform to identify novel 

peptides. They used tagged bacteria proteins to study mechanism of readthrough, 

which gave them a huge amount of starting material for trypsinization and resulted in 

high signal and coverage of studies proteins (N. J. Ma et al., 2018).  

Figure 3.12 Summary of amino acids incorporated at premature termination codon in p53 depending on 

the position and type of STOP codon. Experiments focused on amino acid incorporation after induced 

readthrough of PTCs at position 217, 218, and 219 of p53, as well differences between amino acid insertions dur-

ing readthrough of TAA, TGA, TAG termination codons. 



94 
 

This study points out the limitation of the method, which is that even when we 

use pulldown to isolate p53, sample abundance is still limiting to cover fully the 

protein landscape. And identification of the noncanonical peptides may be even 

more difficult from real cells because the abundance too low to detect. 

One of the other difficulties in identifying the amino acid incorporated at any 

nonsense codon is that the readthrough product needs to be stable using mass 

spectrometry. One cannot guarantee that particular region of any protein can 

produce a stable tryptic peptide. Indeed, in our p53 map, we observed less than 50% 

coverage of the entire protein over several runs, thus reducing the regions we could 

use to study readthrough. As such we focused on a region in the N-terminus of p53 

that produces a relatively reproducible tryptic peptide that allowed us to analyse the 

effects of codon change in the context of a UGA nonsense codon (127, 128. Or 129) 

and the effects of codon changes at one codon (129). 

Recent publication by Ma et al, shed a new light at translational readthrough 

(N. J. Ma et al., 2018). The study concluded that when organisms are recoded to 

obtain non-assigned codons, compensatory mechanisms emerge, such as 

frameshifts and stop codon readthrough. Study showed that the lack of release 

factor 1 (RF1) expression in recoded Escherichia coli resulted in ribosome stalling, 

mis-translation (e.g., frameshift), or misincorporation of natural amino acids at 

encoded UAG termination codon. It has been proposed that some codons remained 

unassigned or decoded by lack of specificity or ribosome frameshifts (N. J. Ma et al., 

2018). Utilizing organisms with simplified genetic codes could allow for clarification of 

the exchangeability (or lack thereof) of different amino acids and enable studies of 

mechanisms by which the translation apparatus recovers from problems in 

translation. This also highlights novel amino acid information that can be created 

using the drugs like G418 for which this study provides a proof of concept. Future 

developments of this pipeline could lead to creation of a Ref seqs of read through at 

the two stop codons, where we could ask if we see any novel termination or 

readthrough, or misincorporation events.   

Our understanding of mechanism underlining the readthrough and rules of the 

amino acid incorporation in place of PTC are still far from complete.  However, for 

the therapeutic aspect of readthrough studies it is important to know, which 
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incorporation would lead to overcoming a nonsense codon and restoring the function 

of the normal protein. In the case of p53, it is sensitive to inactivation at most of its 

codons thus if we cannot rely on these amino acids to reactivate function-W, R, C, Y, 

or Q-then we would need strategies that can make amino acid choice at any one 

codon tuneable. We hope this model will help develop such tuneable strategies to 

develop the PTC readthrough language. 

In later chapters, as produced RNA reference sequence using the genomics 

pipeline had many nonsense mutations, we did make a theoretical reference 

sequence which included W, R, C, Y, or Q incorporation in PTCs. However, this did 

not result in us detecting any such neopeptides (see next chapters). Indeed, from 

hundreds of mutated proteins, we only detected a very small number of mutated 

peptides which once again highlights one limitation of mass spectrometry. That is 

mRNA refseq based on cancer genome can indeed give rise to theoretical mutated 

neopeptides that could be future vaccine candidates; however, the direct detection of 

such mutated peptides using mass spectrometry remains limiting. This will be 

discussed in the next chapters.  
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4 Analysis of mutant tumour 

immunopeptidome using an isogenic wild-type 

and p53 null cell model 

 

4.1 Introduction 

 

The immunopeptidome is a highly variable group of peptides bound to MHC 

complexes and presented on the cell surface to T-cell receptors, which, after their 

recognition, activate T-cells (Chong et al., 2018). Mass spectrometry examination of 

immunopeptidome facilitates pinpointing to the peptides that more likely induce the 

antitumorigenic immune response. Experiments show that MHC-peptide complexes 

can be dissociated from a cell surface and the bound epitopes eluted (Chong et al., 

2021; Sturm et al., 2021).  Isolation of MHC-bound peptides (MBPs) is typically 

performed with two established methods: immunoprecipitation (IP) and mild acid 

elution (MAE). These methods have been used to reveal the neoantigentic load of 

cancer cells in search for specific peptides inducing anti-tumour immune response 

(Kote et al., 2020). 

Novel sequencing technologies has allowed to define patient-specific cancer 

features thus highlighting the unique genetic signature of any given tumour (Rizvi et 

al., 2015). This presents an opportunity to develop precision, personalized 

therapeutics based on expressed, mutant proteins from an individual tumour. Such 

mutant proteins could inform target pathway choice for the development of novel 

biologics that aim at the mutated cancer landscape in a patient-specific manner. 

Understanding the expression of mutant proteins could also form a platform for the 

development of mutant neoantigen based anti-cancer vaccines, that could be based 

on synthetic proteins (Schumacher et al., 2014), dendritic cells primed with 

neoantigen (Carreno et al., 2015), nucleic acids such as RNA (Deng et al., 2022), or 

synthetic viral vectors (Colloca et al., 2012). However, the study of mutant 

proteomes is only in its infancy. The relative difficulty in this task is that building 
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mutant proteomes requires integration of robust and user-friendly methods linking 

the fields of informatics, mass spectrometry, and cancer biology.  

Computational methodologies as applied to the cancer research field are 

emerging as approaches to define the expressed, mutated genome. There are 

several challenges with optimizing platforms that integrate DNA sequencing, RNA 

sequencing, and mass spectrometric datasets (Kanaseki et al., 2019). One overall 

challenge is integrating these molecular data into one pipeline; and depends on the 

variant detection platform used for DNA sequencing; the algorithms for defining 

mutations with RNA sequencing datasets in exons, non-coding RNAs, and introns 

(Chong et al., 2020). For example, the expression of intron encoded mutant peptides 

is almost completely unexplored at a systems biology level (Apcher et al., 2015), as 

are cancer-specific RNA editing events and tumour-specific spliced mRNAs that 

create cancer-associated polypeptide epitopes (Bradley & Anczuków, 2023). In 

addition, different mass spectrometers and sample preparation methods, coupled to 

tumour heterogeneity, result in an incomplete understanding in the source and extent 

of expressed mutated proteins using cancer-specific DNA and/or RNA sequencing 

reference databases. 

Tumour suppressor TP53 is the most frequently mutated gene across variety of 

human cancer types. Interestingly, studies show that melanomas frequently retain 

p53 wild-type allele, however considering the malignant character and genomic 

instability of melanomas, p53 fails to play its role, suggesting that p53 activity could 

be suppressed by a mechanism different from p53 mutation (Albino et al., 1994; L. 

Ding et al., 2014). Various studies have revealed additional roles that p53 play in 

tumour suppression, including regulation of tumour metabolism, microenvironment 

signalling, induction of programmed cell death dependent on iron (ferroptosis) and 

cancer stem cell renewal or differentiation (Gnanapradeepan et al., 2018; Midgley et 

al., 1992, p. 53). Therefore, targeting this vastly altered protein can hold a promise 

for potential cancer vaccine markers. 
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4.2 Aims 

 

Purpose of this chapter was to create a mutant reference dataset to define 

mutated proteins in a key cancer cell model, a melanoma cell model named A375. 

This serves as an expected model that will be used in personalized vaccine target 

discovery; how to take a tissue or cell line from a patient’s tumour and define the 

mutant immunopeptide space.  In addition, there is an emerging question in the 

cancer research field; how does inactivation of a major cancer-associated gene 

impact on the mutant proteome landscape? 

  In this chapter identification of immunopeptidome landscape was performed 

using two different methods, as well as defining the types of immunopeptides that 

are p53-dependent. 

Detection of the immunopeptidome may support the inclusion of tumour-

associated neoantigens for the vaccine preparation, as well as expand the 

knowledge about the pathways leading to the peptide presentation on the cell 

surface. However, a key issue is the depth of the immunopeptidome per volume of 

cell input: Currently RNAseq – ELISPOT are the two tools used to predict cancer 

vaccine mutant peptide candidates. We would need to be able to go ‘deeply’ into the 

mutant immunopeptidome to add value. Thus, the secondary purpose of this chapter 

is to define the weaknesses of mass spectrometry and how one can improve on its 

usefulness. 
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4.3 Results 

 

4.3.1 Transcriptional changes detected between p53 null and wild type cell 

line model and creation of reference database. 

 

4.3.1.1 Differential expression analysis 

 

RNA sequencing has been an emerging tool of transcriptomic analysis, that 

enables identification of mutational changes occurring on RNA level, as well as 

measuring gene expression (Blaydes & Hupp, n.d.). For our model, we used human 

melanoma A375 cell line that has classically served as a model of p53 activity in 

response to DNA damage (Blaydes et al., 2001; Blaydes & Hupp, n.d.). RNAseq was 

performed on total RNA isolated from A375 cell line. Transcriptomic analysis was 

carried out using CLC Biomedical Genomics Workbench 12 software. The program 

Figure 4.1 Summary of quantitative transcript expression of top 25 upregulated genes 

in A375 p53 null cell line compared to p53 wild-type model. Values presented are calcu-

lated as log2 fold change of transcript expression of A375 p53 KO cell line vs WT. 

 

Figure 4.1 Top 25 downregulated genes in A375 p53 KO cell line. Values presented are 

calculated as log2 fold change of transcript expression of A375 p53 KO cell line vs 

WT.Figure 4.2 Summary of quantitative transcript expression of top 25 upregulated 

genes in A375 p53 null cell line compared to p53 wild-type model. Values presented are 

calculated as log2 fold change of transcript expression of A375 p53 KO cell line vs WT. 
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enables a comprehensive and accurate data analysis for genetic aberrations. 

Imported fastq files were aligned to the human reference genome hg38 and 

expression values for each gene and each transcript were calculated compared with 

the reference.  

Differential expression of A375 p53 KO cell line genes was carried out by using wild-

type transcript levels as the baseline model to identify transcriptomic changes 

occurring after loss of p53 gene. Analysis revealed that among top 25 upregulated 

genes in A375 p53 knockout cells, were transcripts encoding Cancer/Testis 

Antigens, such as SPANX family or CTAG2, which was shown to be expressed in a 

wide array of cancers including melanoma, breast cancer, bladder cancer and 

prostate cancer(J. Liu et al., 2019), as well as Urothelial Cancer Associated 1 

(UCA1) that produces a long non-coding RNA found to be upregulated in bladder 

cancer and plays a regulatory role in cell proliferation (Z. Ding et al., 2021; Lebrun et 

Figure 4.2 Top 25 downregulated genes in A375 p53 KO cell line. Values presented are calculat-

ed as log2 fold change of transcript expression of A375 p53 KO cell line vs WT. 
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al., 2018). In addition, an alternative open reading frame product of CTAG2 was 

termed CAMEL and classified as a tumour antigen that is recognized by melanoma-

specific cytotoxic T-lymphocytes (Aarnoudse et al., 1999).  Evaluation of those 

genes in more depth as potential therapeutic targets, could be further explored 

especially in correlation with p53 depletion (Figure 4.1). 

Whereas lack of functional p53 gene lead to downregulation of crucial genes 

involved in MHC class II processing, such as HLA-DRB5, HLA-DRA, HLA-DPA1 

(Figure 4.2). As well as decrease in transcripts coding Cell migration-inducing 

hyaluronidase 1 (CEMIP), which has been shown to be implicated in the process of 

metastasis in a variety of malignant tumours, including breast cancer (X. Dong et al., 

2021).  

Ingenuity Pathway Analysis (IPA) software served as a tool for identification of 

changes in specific pathways occurring after p53 deletion. IPA is a web-based 

functional analysis tool for interpretation of omics data. Software uses accessible 

datasets to identify the most relevant signalling and metabolic pathways, molecular 

networks, and biological functions for the list of supplied genes. Comparison of 

expression of genes in A375 p53 null cell line with wild-type indicated that the 

highest number of deregulated genes where part of the oestrogen-mediated S-phase 

entry as well as upregulation of PD-1-PD-L1 pathway. As predicted, top 

downregulated pathway was involved with p53 signalling. Interestingly, other 

supressed pathways related to regulation of immune system, such as dendritic cell 

maturation, Th1 pathway or leucocyte extravasation signalling (Figure 4.3). 
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4.3.1.2 RNA variant analysis 

 

 

The next step of RNAseq analysis included identifying mutational landscape 

of the transcriptomic data, variant calling. This process was carried out with the use 

Figure 4.3 Ingenuity pathway analysis of A375 p53 null cell line versus wild type. Canonical pathways 

significantly enriched in A375 p53 null cell line when compared with wild type. Significantly enriched canoni-

cal pathways were identified with a right-tailed Fisher’s Exact Test that calculates a P-value determining the 

probability that each canonical pathway associated with the dataset was due to chance alone. The P-values 

were corrected for multiple testing using the Benjamini-Hochberg method for correcting the false discover 

rate (FDR). The z-score indicates predicted activation state of the canonical pathway. Blue colour or lighter 

shades of blue indicate a negative z-score and down-regulation of the pathway, and orange colour or lighter 

shades of orange indicate a positive z-score and up-regulation of the pathway. Ratio shows the number of 

significantly expressed genes compared with the total number of genes associated with the indicated canon-

ical pathway. 
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of two bioinformatic tools: CLC Bio software and Genomic Analysis Toolkit (GATK), 

Mutect2. CLC Bio, among other application, is used as a variant calling tool and 

does not require computational coding, which makes it a user-friendly software 

accessible to all life-scientists (Figure 2.1). 

The process of obtaining the list of sequence variants is complex and consists 

of several steps. The software firstly trims the adapter sequences and bases with low 

quality, to remove sources of potential error, and maps reads to human reference. 

Then removes duplicate mapped reads to remove paired reads that have the same 

start and end coordinates and are, thus, probably PCR duplicates. 

Variant classes 

A 

Coding consequences 

B 

Figure 4.4 Annotation of identified RNA variants in A375 p53 null cell line by Variant Effect Predictor 

software. A) Changes detected on transcriptomic level were classified into four categories: insertion, dele-

tion, single nucleotide variant (SNV) and other. B) Pie chart distribution of specific mutation types found in 

coding regions. 
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The output file containing the recognised modifications, was extracted and 

analysed using Variant Effect Predictor that determines the effect of the variants 

(SNPs, insertions, deletions, CNVs) on genes, transcripts, and protein sequence, as 

well as regulatory regions. Detected variants were categorised according to the 

mutation type and frequency of occurrence. 

Of the filtered RNA variants detected by CLC Bio in p53 null cell line a total of 

100,896 expressed non-synonymous variants were identified on by CLC Bio, which 

accounted for approximately 12% of high frequency variants (frequency > 40 reads). 

This number of non-synonymous mutations is within the expected range of a tumour 

like melanoma which has a relatively high number of single nucleotide variants 

(SNPs). VEP analysis revealed that almost 53% of variants found in coding regions 

Variant classes 

Coding consequences 

A 

 

 

 

 

B 

Figure 4.5 Annotation of identified RNA variants in A375 p53 wild-type cell line by Variant Effect Pre-

dictor software. A) Changes detected on transcriptomic level were classified into four categories: insertion, 

deletion, single nucleotide variant (SNV) and other. B) Pie chart distribution of specific mutation types found in 

coding regions 
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were synonymous, thus not causing changes on the protein level. However, 

missense variants accounted for over 40%. Less frequent mutations in coding 

regions included frameshift variants (3.4%), stop gained (0.3%), in frame insertion 

(0.6%) or in frame deletion (0.6%) (Figure 4.4). These annotations show that 

detected variants show a lot of potential for production of mutated peptides. 

In isogenic p53 wild type cell line a total of 101847 non-synonymous RNA 

variants were identified, out of which 12.4% were of high frequency. As predicted, 

the highest number of variants classified as SNV accounting for 89%. Distribution of 

variants in the coding region showed that there are slightly more synonymous 

variants than in the p53 null model (54.6%). Missense variants ranked second with 

frequency of 39.5%. Less frequent mutations in coding regions were frameshift 

variants (2.9%), stop gained (0.3%), in frame insertion (0.5%) or in frame deletion 

(0.5%) (Figure 4.5). Variant annotation allows for classification of changes occurred 

either on DNA or RNA level, which later can serve as an overview of the mutational 

load and estimation of potential neoantigen sources.  

 

Figure 4.6 Number of peptides identified by NetMHCPan software. Identified nonsynonymous 

mutations were in-silico translated and cut into peptides to mimic the proteasomal cleavage. Strong 

binding 9-mer peptides were analysed by affinity to two allotypes HLA-A0301 and HLA-B0702 

expressed by A375 cell line. Strong binders were at %rank>0.5 of set of random natural peptides. 
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Sequences carrying identified mutations underwent in-silico translation to 

peptides. Afterwards, predicted peptide sequences were cut in different 

combinations to mimic proteasome processing during antigen presentation. Nine-

mer sequences were analysed by NetMHCPan software predicting MHC binding 

affinity. For HLA-A0301 number of peptides classified as Strong Binders (%rank>0.5) 

oscillated around 2000 peptides, whereas for HLA-B0702 ranked around 4000. This 

gives a promising result, that confirmed by in vitro studies, can be used as a platform 

for inducing a production of immunogenic peptides in tumours with low mutational 

load (Figure 4.6). 

 

 

4.3.2 Identification and characterisation of MHC-bound peptides using 

immunoprecipitation and mild acid elution  

 

Analysis of peptides presented as antigens on the cell surface is crucial for 

expanding our knowledge about neoantigen presentation in cancers. A375 p53 wild-

type and null cell lines were subjected to mild acid elution and immunoprecipitation 

with PAN-MHC antibodies followed by mass spectrometry detection. The purpose of 

this section was to (1) identify mutated proteins and potential neoantigenic properties 

that could be used as a vaccine target, (2) finding out the main source of presented 

peptides, and (3) determining how a regulatory gene deletion (p53) alters the im-

munopeptidome.  

For the assessment using immunoprecipitation (IP) methodology, I cultured 

and collected 1x109 cells in triplicate, that were next lysed and processed by team of 

our collaborator Tim Fugmann. MS analysis was performed using data independent 

acquisition (DIA) mass spectrometry and a total of 10,129 peptides from 4532 pro-

teins were identified from 44,980 spectral counts. Peptides presented by MHC I most 

commonly rank between 8 and 12 amino acids length, which corresponded with the 

previous findings (Cole et al., 2007). In both studied samples identified peptides with 

the highest frequency were 9-mers, followed by 10-mers, 8-mers and 11-mers (Fig-

ure 4.7). 
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Figure 4.7 Peptide length distribution identified in A375 p53 wild-type and null cells using im-

munoprecipitation. HLA complexes were isolated from A375 cell lines by pan-HLA immunoprecipita-

tion (IP) followed by extensive wash to remove the unbound mixture, and then acidic elution to disso-

ciate the binding antigen peptides from HLA molecules. The purified peptides were subjected to anal-

ysis followed by database/library search of the MS raw files and identified peptides were separated by 

their length and compared between A375 p53 wild-type and knockout samples. 

 

 

In parallel, the same batch of A35 p53 wild-type and knockout was grown until 

each of three replicates reached 107 cells and processed by MAE. Samples were 

subjected to mass spectrometry analysis and total of 2,815 peptides from 1,338 pro-

teins were identified from 27,910 spectral counts. Peptide abundance was calculat-

ed, compared between A375 p53 null cell line and p53 wild-type and displayed on 

the Volcano plot (Figure 4.8). 
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Figure 4.8 Volcano plot comparing expression of peptides detected through MAE in A375 p53 

null (AKO_ctrl) to p53 wild type (AWT_ctrl). The volcano plot was constructed using fold-change 

(LogFC) values and adjusted P-values. The vertical and horizontal grey lines correspond to 4.0-

LogFC up and down and the horizontal grey line represents an adjusted P-value of 0.05. In A375 p53 

knockout sample there were more upregulated peptides (red) when compared to the p53 wild-type 

samples than downregulated (blue). 

 

 

Clearly the advantage of the IP method increases in the number of peptides detected 

due to elevated sample starting material. However, the MAE method allows more 

manipulation of cell culture conditions as well as 100-fold smaller cell numbers. In 

addition, below we examine whether the MAE method indeed captures a subset of 

peptides present in the IP method and therefore whether we can routinely use the 

MAE method in future as a more flexible approach to study dynamics on smaller cell 

numbers. We also interpret the MAE derived peptides which are not part of the IP 

dataset to determine their characteristics and whether they might comprise MHC 

Class I peptides or they might just represent secreted peptides. 
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The peptide sequence overlap between the IP method and MAE method was 

compared using a web application BioVenn software, where 1095 peptides were 

identified through  both methods (Figure 4.10); this suggests that almost half of the 

MAE derived peptides are likely MHC Class I binders as they overlap with the IP da-

taset. Firstly, we evaluated peptide length as a function of the IP method and the 

MAE method (Figure 4.9, blue). From the 8-mers to the 11-mers the IP method de-

tects elevated peptides relative to the MAE method. However, at peptide lengths 

greater than 11-mers and up to 20-mers, the MAE method showed enriched peptide 

recovery (Figure 4.9, orange).  This might reflect the weaker affinity of the longer 

peptides to the MHC Class I peptide binding pocket and the time frames involved in 

the sample purification. In the case of MAE, the method requires 3 minutes of acid 

exposure which can recover essentially all peptides, whilst the IP method involves 

washing steps that likely wash away the larger peptides with weaker affinity. Never-

theless, these possibly weaker binding peptides are interesting to us as this allows 

us to understand the biology of what peptides can be presented.  
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Figure 4.9 Comparison of peptide length distribution between samples analysed through im-

munoprecipitation vs mild acid elution method (IPvsMAE) Library of peptides identified in both 

methods was plotted according to their length (AA_LENGTH) on the x-axis and count (N_PEPTIDES) 

on y-axis. In blue, peptides detected using immunoprecipitation (IP) method and in orange, peptides 

identified using mild-acid elution method (MAE). As shown above, higher number of longer peptides 

was detected using MAE, whereas more peptides overall were identified using IP method. 

 

 

 

 

Figure 4.10 Quantitative comparison of peptides identified by IP and MAE method using 

Biovenn software. List of peptides identified using two methods was uploaded onto Biovenn 

software to assess similarites and differences between detected peptides. 

 Another interesting feature was that a subset of peptides was enriched at the 

C-terminus; 122 immunopeptides were mapped to the termination codon at the C-

terminus of the proteins using IP datasets and using MAE, 316 peptides were 

mapped to termination codons. It is interesting that there was more termination 

codon dependent immunopeptides using the MAE dataset. In addition to this, the 

stop codon immunopeptides from the MAE had enrichment of acidic residues E and 

D at the cleavage site (Figure 4.11 A), compared to the IP method. This was specific 

to stop codons because when examining all other immunopeptides their results were 

more normalized (Figure 4.11 B). Such data would be important to predict vaccine 

neoantigen targets, as one could argue that if we chose a c-terminal stop codon 
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immunopeptide as a target, if the cleavage amino acid was for example a poorly 

cleaved amino acid such as W, C, or H, then it would be a less likely neoantigen.  

This focus of immunopeptides at the stop codons also pinpoints potential 

novel class of neopeptides that could be targeted and exploited using readthrough 

drugs that would create novel peptide vaccines that target the readthrough event. 

Thus, future improvements on vaccine neoantigen predictors would be to develop 

rules on when the stop codon immunopeptide space can be exploited; I gave here 

just one example where we can focus on high and low frequency amino acid 

abundance at the cleavage site at the C-terminal stop codon.  

Presented data demonstrate several features in the pipeline to consider in 

developing future neoantigen vaccine targets; (i) informatic pipelines that can be 

used to identify mutant RNAs, how a specific gene deletion (in this case p53) can 

impact on the frequency of specific peptides; how the method of elution can bias, 

and how the cleavage site can begin to be incorporated into predictions. 

Improvement on such methods should also allow the exploitation of these 

immunopeptide targets for identifying genes that regulate immunopeptide 

processing.   
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4.4 Discussion 

 

Detection of the immunopeptidome may support the inclusion of tumour-

associated neoantigens for the vaccine preparation, as well as expand the 

knowledge about the pathways leading to the peptide presentation on the cell 

surface. This chapter developed a pipeline that defined the number of 

Figure 4.11 Frequency of amino acid N-terminal to cleavage site at the STOP codon containing 

immunopeptides. A) A subset of immunopeptides were mapped to the termination codon at the C-

terminus of the proteins using IP (orange) and using MAE (blue) B) Immunopeptides from all stop co-

dons. 

 

Figure 4.313 Top 25 upregulated genes in A375 p53 knockout (KO) cell line after NMDI14 treat-

ment. Values presented are calculated as log2 fold change of transcript expression of A375 p53 KO cell 

line treated with NMD inhibitor vs untreated cells. 

).Figure 4.314 Frequency of amino acid N-terminal to cleavage site at the STOP codon containing 

immunopeptides. 

 

Figure 4.315 Top 25 upregulated genes in A375 p53 knockout (KO) cell line after NMDI14 treat-

ment. Values presented are calculated as log2 fold change of transcript expression of A375 p53 KO cell 

line treated with NMD inhibitor vs untreated cells. 

). 

 

Figure 4.316 Top 25 upregulated genes in A375 p53 wild-type cell line after NMDi14 treatment. 
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immunopeptides one can detect from a fixed cell number using different methods 

and some novel features that could be considered including protease processing 

motifs out with the immunopeptide itself. In addition, we examined how a major 

tumour suppressor can impact on the immunopeptidome. 

Prior studies have shown how p53 itself can have knock on effects on cancer 

regulatory gene expression. Kichina et al., performing a study on a panel of seven 

human melanoma cell lines found, that cells carrying wild-type p53 were also 

characterized by depletion or loss of p14/ARF, a small MDM2-binding protein that 

controls the activity of MDM2 preventing p53 degradation (Kichina et al., 2003). 

Scientists also found correlation between the presence of wild-type p53 and 

complete loss or significant downregulation of another tumour suppressor gene p16 

(Kichina et al., 2003). Which indicates that p53 status has a strong influence on 

tumour fate. Moreover, it has been demonstrated that loss or mutation of p53 in 

cancers can affect the recruitment and activity of myeloid and T cells, allowing 

immune evasion and promoting cancer progression (Blagih et al., 2020). It supports 

the use of our p53 wild-type and knockdown model to indicate changes in 

immunopeptidomic landscape of melanoma cell line. 

Computational methodologies as applied to the cancer research field are 

emerging as approaches to define the expressed, mutated genome. There are 

several challenges with optimizing platforms that integrate DNA sequencing, RNA 

sequencing, and mass spectrometric datasets (H. Zhang et al., 2016). One overall 

challenge is integrating these molecular data into one pipeline; and depends on the 

variant detection platform used for DNA sequencing; the algorithms for defining 

mutations with RNA sequencing datasets in exons, non-coding RNAs, and introns 

(Laumont et al., 2016). For example, the expression of intron encoded mutant 

peptides is almost completely unexplored at a systems biology level (Apcher et al., 

2015), as are cancer-specific RNA edits and tumour-specific spliced mRNAs that 

create cancer-associated polypeptide epitopes (M. Zhang, Fritsche, et al., 2018). In 

addition, different mass spectrometers, sample preparation and pre-fractionation 

methods, coupled to tumor heterogeneity, result in an incomplete understanding in 

the source and extent of expressed mutated proteins using cancer-specific DNA 

and/or RNA sequencing reference databases. However, our study and its follow-up 
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in the next chapter, showed that the integration of the proteogenomic platform with 

immunopeptidomic approach allows for detection of potential neoantigenic peptides. 

There are several other types of platforms recently developed for integrating DNA, 

RNA and protein data integration. ‘Proteoformer’ produces a complete protein 

synthesis database that can be used to identify peptides with mass spectrometry 

through the use of ribosome profiling (Verbruggen et al., 2019). The limitation of this 

approach is that living cells are required to isolate bioactive ribosomes and this 

method might not be conducive to frozen tissues from the clinic. Methods have been 

established for automating spliced variants in cell systems which is especially 

powerful in cancer genomes where there might be DNA fusions, cancer-specific 

splicing, and trans-splicing (Krasnov et al., 2015). Spliced variant detection 

algorithms are always improving, especially those that capture the pathological, 

heterogeneous splicing specific to cancer cells (Afsari et al., 2018). Development of 

novel  R-package automating the  construction of variation-associated databases 

from public single nucleotide variant repositories or sample-specific next-generation 

sequencing (NGS) data iterates innovations in identifying expressed mutated genes 

(Wen et al., 2014). Translation toolkits have been generated that aim to produce a 

theoretical total polypeptide space of a genome using RNAseq that captures six-

frame genome translation (Zickmann & Renard, 2015). These examples highlight the 

types of several bespoke algorithms that generate cutting-edge information on the 

proteogenomic landscape. As the diversity in software and computational tools tend 

not to be benchmarked against each other, end-user compatibility, especially 

crossing different disciplines, can be limited or non-accessible. 

 Here, we analysed transcriptomic data and performed in-silico translation of 

detected variants to predict potential neoantigenic peptides originating from 

characterised mutational landscape. However, one drawback of using predictions 

based only on peptide-MHC binding data (such as Net-MHC) is that they omit the 

antigen processing and presentation pathway features. Wherever immunopeptidomic 

experiments are not available, using ligand elution data for training has been 

proposed. These analysed ligands are naturally shown to be presented on cell 

surface by MHC molecules, which indicates that they went through the antigen 

processing and presentation pathway. This type of data contains information on 

sequence motifs influencing the processing that is not available when solely peptide-
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MHC binding is considered. Additionally, the eluted ligands do not have any bias of 

pre-selection when using prediction methods (Koşaloğlu-Yalçın et al., 2022).  

The direct identification of peptides expressed on tumour cell surface would 

give direct evidence for short-listing neoantigens that could promote T-cell-mediated 

tumor rejection. Main assays used for identification of MHC-bound peptides are 

immunoprecipitation and mild acid elution. Both approaches have their advantages, 

however as demonstrated here, mild acid elution showed higher efficiency of peptide 

detection with the consideration of the use of smaller sample size than in case of IP. 

The main downside of utilizing MS detection in clinical setup is limited patient sample 

amounts, which affects the sensitivity and reproducibility of the method. Based on 

the cell number used in the MAE method, this opens many more ‘smaller’ resected 

cancer specimens to analysis using mass spectrometry. On the other hand, where 

tumour sizes are very small such as melanoma or glioblastoma, then the ability to 

expand primary cell in culture would increase neoantigen detection using mass 

spectrometry. This leaves a huge space for advancements in development of novel 

sample preparation protocols to increase the yield of isolated MHC peptides from 

various cancer types and reduce the number of preparation steps might minimize the 

loss of low abundant peptides. These advancements followed by improved 

instrument sensitivity, which will reduce the tissue quantity requirements, will lead to 

tremendous advantages in neoantigen characterization by mass spectrometry. 
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5 The effects of NMD inhibition on the mutant 

tumour neoantigen pool in human and mouse 

melanoma model 

 

5.1 Introduction 

 

Next-generation sequencing (NGS) has become an important method to 

answer various biological research questions at different omics levels like genomics, 

epigenomics, transcriptomics, metabolomics, etc. In cancer studies, such in depth 

characterisation enhanced our ability to search for new immune targets such as 

mutation-derived antigens (neoantigens), which has accelerated the development of 

novel immune therapies. 

Neoantigens are tumour-specific markers that can form when cancer cell-

specific mutations encode molecules that differ from ‘self’ (Ott et al., 2017). 

Neoantigens expressed on the surface of tumour cells can be detected and removed 

by immune cells, thus neoantigens can themselves function as immune stimulatory 

vaccines.   

Tumour vaccination aims at stimulating a systemic immune response targeted 

to, mostly weak, antigens expressed in the disseminated tumour lesions. The main 

challenge in developing effective vaccination protocols is the identification of potent 

and broadly expressed tumour rejection antigens and effective adjuvants to stimulate 

a robust and durable immune response. Further, studies have reported that also the 

likelihood of successful immunotherapeutic targeting of cancer by many different 

methods was reliant on immune response to neoantigens (Łuksza et al., 2017).  

The most prominent source of potential neoantigenic peptides has shown to be 

missense mutations in exonic regions, however there are other mechanisms that 

exist including ribosomal frameshifting, proteasomal splicing of peptides, intron 

encoded neopeptides, altered antigen processing and post-translational 

modifications such as di-methylation of arginine (Apcher et al., 2011; Laumont et al., 

2018; Smart et al., 2018).  
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Nonsense-mediated decay (NMD) is a host RNA control pathway that removes 

aberrant mRNA containing premature termination codons (PTCs) that arise through 

mutation or defective splicing (Park et al., 2018). If a PTC is present at least 50 

nucleotides (nt) upstream of the last exon junction, an exon junction complex (EJC) 

will remain bound after the pioneering round of translation has been terminated. The 

interaction between termination factors and the downstream EJC subsequently 

triggers NMD (Popp & Maquat, 2018). Role of NMD in cancer development is 

complex (Popp & Maquat, 2018). In some cases, cancer cells have exploited NMD 

by selecting for mutations causing destruction of key tumour-suppressor mRNAs. In 

other cases, tumours adjust NMD activity to adapt to their microenvironment. NMD 

also serves as a tool for tumours to adapt to the microenvironment (Popp & Maquat, 

2018). 

Studies have shown that inhibition of NMD also generates new antigenic 

determinants in tumour cells (Becker et al., 2021). Cancer-targeted NMD inhibition 

forms the basis of a simple, broadly useful, and clinically feasible approach to 

enhance the antigenicity of disseminated tumours leading to their immune 

recognition and rejection (Popp et al., 2018). Aberrant RNA splicing can also expose 

neoantigens that can lead to generating different mRNAs or mRNAs containing 

introns. Aberrant splicing events in cancer cells can result in the translation of 

abnormal mRNAs into proteins or peptides presented by MHC class I molecules to T 

cells that can be detected by the immune system (R. F. Wang & Wang, 2017). 

Therefore, inhibition of splicing might increase intron encoded peptides that leads to 

neoantigenic enrichment and potentially stimulating the antitumorigenic immune 

response. One of the drugs used for that purpose is Isoginkgetin that inhibits the 

function of both the major and minor spliceosomes (Tsalikis et al., 2019). To 

determine whether drugs implicated in neoantigen expression can de-repress 

potential vaccine targets, we defined the genes which expression changes in 

response to NMD or splicing inhibitors. These studies serve as proof-of-concept that 

NMD and splicing inhibitors lead to the increase in neoantigen pool and could be 

used as part of an immune therapy strategy. The identification of peptides inducing 

anti-cancer response holds great promise to further improve the efficacy of 

immunotherapeutic approaches. 
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5.1.1 Aims 

 

The main aim of this study was to create pipelines to identify mutated 

immunopeptides in a human melanoma cell line model from matched genomic, 

transcriptomic, and proteomic data in response to a specific drug lead.  The drug 

leads chosen (splicing and NMD inhibitors) would be expected to produce altered 

amino acid sequences and potentially novel neoantigens. A proteogenomic pipeline 

was set up including definition of cancer DNA variants, RNA variants (expressed 

genes under different conditions), and mass spectrometry to identify mutated protein 

and MHC class I expression.  This included working on the bioinformatics software to 

analyse next generation DNA and RNA sequencing and creating a mutant protein 

reference database specific for the cell line. This pipeline would also form the 

concept that specific drugs that target NMD can be used to stimulate the tumour cell 

to make its own vaccine, i.e., mutated immunopeptide. 

 

5.2 Results 

 

5.2.1 Transcriptomic analysis of differentially expressed genes after NMD and 

splicing inhibition 

 

In a large majority of melanomas, the wild-type p53 gene is retained 

suggesting a functional role of this tumour suppressor gene in regulation of tumour-

immune interactions. To determine whether drugs implicated in neoantigen 

expression can de-repress potential neopeptide vaccine targets, we first defined the 

genes encoded by mutated genes whose expression changes in response to NMD 

or splicing inhibitors. The cell model used was the melanoma cell line A375 p53 wild-

type, and its isogenic p53-null counterpart (A375 p53-/-).  

NMD inhibitor and splicing inhibitor titrations were optimized to identify 

concentration to be used. The aim was to increase the expression of mutated 

mRNAs and ask to what extent the mutant peptidome is translated from such 

normally degraded mRNAs. Genetic material isolated from human melanoma cell 

line A375 treated with splicing or NMD inhibitor was sent for Next-Generation 



119 
 

Sequencing to Otogenetics. Obtained RNAseq files were subjected to computational 

analysis using Biomedical Genomics Workbench, software created by CLC Bio 

(Qiagen). The program enables a comprehensive and accurate data analysis for 

genetic aberrations, therefore identifying mutational landscape. 

Transcriptomic analysis revealed RNA quantity changes after stimulation. 

Differential expression analysis allowed for calculation of variability between different 

samples. The analysis demonstrated, that after treatment with NMDI, among the top 

upregulated genes in A375 p53 -/- cell line were genes involved in heat-shock 

response, such as HSPA1A/B, DNAJB1, HSPA6/8, genes coding for histone 

proteins, proto-oncogene FOS and Cancer/Testis Antigen Family 12, Member 1b 

XAGE1B (Figure 5.1). 

Interestingly, a lot of overexpressed genes have been shown to take part in 

oncogenesis and influence cancer patients survival, what gives hope for 

identification of immunogenic peptides specific to cancer cells (Li et al., 2019; Sato & 

Singer, 2021; Zhao et al., 2020). 

Treatment of A375 p53 wild-type cell line with the same drug, lead to 

upregulation of genes engaged in mediation of inflammatory response and regulation 

Figure 5.1 Top 25 upregulated genes in A375 p53 knockout (KO) cell line after NMDI14 treat-

ment. Values presented are calculated as log2 fold change of transcript expression of A375 p53 KO 

cell line treated with NMD inhibitor vs untreated cells. 

). 

 

Figure 5.1 Top 25 upregulated genes in A375 p53 wild-type cell line after NMDi14 treatment. 

Values presented are calculated as log2 fold change of transcript expression of A375 p53 wild-type 

treated cell line vs wild-type (WT) untreated samples.Figure 5.2 Top 25 upregulated genes in A375 

p53 knockout (KO) cell line after NMDI14 treatment. Values presented are calculated as log2 fold 

change of transcript expression of A375 p53 KO cell line treated with NMD inhibitor vs untreated cells. 

). 
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of the immune system, such as IL1A/B, CXCL8, ICAM, IL24, CD68 and control of the 

NF-kB pathway such as BIRC3, NFKB1A, NFKB2, LURAP1L (Figure 5.2).  

 

Treatment with the splicing inhibitor showed an intriguing pattern. In A375 

p53-/- cell line, among top overexpressed genes was BEX2, that was previously 

found to be a tumour suppressor silenced in human glioma, whereas in breast 

cancer cells, this gene product modulates apoptosis in response to oestrogen and a 

chemotherapeutic agent tamoxifen enhancing its anti-proliferative effect (Naderi et 

al., 2007). Other upregulated gene was found to be SOX11. In breast cancer 

elevated SOX11 expression is significantly associated with smaller tumour size, 

earlier tumour grade, and inversely correlated with lymph node metastasis (D.-T. Liu 

et al., 2014) (Figure 5.3). 

Figure 5.2 Top 25 upregulated genes in A375 p53 wild-type cell line after NMDi14 treatment. Val-

ues presented are calculated as log2 fold change of transcript expression of A375 p53 wild-type treated 

cell line vs wild-type (WT) untreated samples. 

 

Figure 5.152 Top 25 Upregulated genes in a375 p53 knockout (KO) cell line treated with splicing 

inhibitor isoginkgetin. Values presented are calculated as log2 fold change of transcript expression of 

A375 p53 knockout cell line treated with splicing inhibitor vs untreated control.Figure 5.153 Top 25 up-

regulated genes in A375 p53 wild-type cell line after NMDi14 treatment. Values presented are cal-

culated as log2 fold change of transcript expression of A375 p53 wild-type treated cell line vs wild-type 

(WT) untreated samples. 

 

Figure 5.154 Top 25 Upregulated genes in a375 p53 knockout (KO) cell line treated with splicing 

inhibitor isoginkgetin. Values presented are calculated as log2 fold change of transcript expression of 

A375 p53 knockout cell line treated with splicing inhibitor vs untreated control. 

 

 

Figure 5.155 Top 25 upregulated genes in A375 p53 wild-type cell line treated with splicing inhibi-

tor isoginkgetin. Values presented are calculated as log2 fold change of transcript expression of A375 

p53 wild-type cell line treated with splicing inhibitor vs untreated control.Figure 5.156 Top 25 Upregu-

lated genes in a375 p53 knockout (KO) cell line treated with splicing inhibitor isoginkgetin. Val-

ues presented are calculated as log2 fold change of transcript expression of A375 p53 knockout cell line 

treated with splicing inhibitor vs untreated control.Figure 5.157 Top 25 upregulated genes in A375 



121 
 

On the other hand, treating melanoma cells expressing p53 increased 

transcripts level of Cancer/Testis Antigens, such as SPANX family or CTAG2, which 

was shown to be expressed in a wide array of cancers including melanoma, breast 

cancer, bladder cancer and prostate cancer, and Urothelial Cancer Associated 1 

(UCA1) that produces a long non-coding RNA found to be upregulated in bladder 

cancer and plays a regulatory role in cell proliferation (Figure 5.4). In addition, an 

alternative open reading frame product of CTAG2 was termed CAMEL and classified 

as a tumour antigen that is recognized by melanoma-specific cytotoxic T-

lymphocytes (Aarnoudse et al., 1999).  It would be very interesting to explore those 

genes in more depth as potential therapeutic targets. 

Figure 5.3 Top 25 Upregulated genes in a375 p53 knockout (KO) cell line treated with splicing 

inhibitor isoginkgetin. Values presented are calculated as log2 fold change of transcript expres-

sion of A375 p53 knockout cell line treated with splicing inhibitor vs untreated control. 

 

 

Figure 5.255 Top 25 upregulated genes in A375 p53 wild-type cell line treated with splicing 

inhibitor isoginkgetin. Values presented are calculated as log2 fold change of transcript expres-

sion of A375 p53 wild-type cell line treated with splicing inhibitor vs untreated control.Figure 5.256 

Top 25 Upregulated genes in a375 p53 knockout (KO) cell line treated with splicing inhibitor 

isoginkgetin. Values presented are calculated as log2 fold change of transcript expression of A375 

p53 knockout cell line treated with splicing inhibitor vs untreated control. 

 

 

Figure 5.257 Top 25 upregulated genes in A375 p53 wild-type cell line treated with splicing 

inhibitor isoginkgetin. Values presented are calculated as log2 fold change of transcript expres-

sion of A375 p53 wild-type cell line treated with splicing inhibitor vs untreated control. 

 

Figure 5.258 Top 25 upregulated genes in A375 p53 wild-type cell line treated with splicing 

inhibitor isoginkgetin. Values presented are calculated as log2 fold change of transcript expres-
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Figure 5.4 Top 25 upregulated genes in A375 p53 wild-type cell line treated with splicing 

inhibitor isoginkgetin. Values presented are calculated as log2 fold change of transcript expression 

of A375 p53 wild-type cell line treated with splicing inhibitor vs untreated control. 

          Closer analysis revealed that as a result of splicing inhibition a group called 

small nucleolar RNA host genes (SNHG) was highly upregulated in both studied cell 

lines. The role of genes from this family have not yet been fully understood. 

However, it was shown that elevated level of SNHG1 in cancers promotes cell 

proliferation and negatively regulates tumour suppressor genes such as p53 (Zhu et 

al., 2017). Expression of this transcript may serve as a marker of tumour progression 

(Zhu et al., 2017). Studies reveal that SNHG15 play an important role in promoting 

colon cancer and mediating drug resistance, suggesting its potential as prognostic 

marker and target for RNA-based therapies (Saeinasab et al., 2019) 

 One of the genes that showed particularly high expression change was 

SNHG10, reaching 9-fold for A375 p53 -/- cell line and 3-fold for A375 p53 WT in 

comparison to the control. Recent study has identified SNHG10 expression to be 

positively correlated with its homolog SCARNA13 expression in 64 hepatocellular 

carcinoma cases. Additionally, high expression of SNHG10 or SCARNA13 was 

associated with poor overall survival (Lan et al., 2019).  

Figure  SEQ Figure \* ARABIC 6 Top 25 upregulated genes in A375 p53 WT cell line treated with splicing 
inhibitor. 

 

Figure 5.299 Expression analysis of A375 p53 wild-type (AWT) and knockout (AKO) cell lines 
treated with NMD and splicing inhibitor (ISO). The colours of the heat map represent the 
log2(TPM) gene expression, becoming red when it is highly expressed and purple to blue for non-
expressed and under-expressed values. The values in white represent a low level of expression 
becoming non-significant. Finally, the values in grey are for the genes which TPM was equal to 
0.Figure  SEQ Figure \* ARABIC 6 Top 25 upregulated genes in A375 p53 WT cell line treated with splicing 

inhibitor. 

 

Figure 5.300 Expression analysis of A375 p53 wild-type (AWT) and knockout (AKO) cell lines 

treated with NMD and splicing inhibitor (ISO). The colours of the heat map represent the 

log2(TPM) gene expression, becoming red when it is highly expressed and purple to blue for non-

expressed and under-expressed values. The values in white represent a low level of expression be-

coming non-significant. Finally, the values in grey are for the genes which TPM was equal to 0.  

 

Figure 5.301 Western blot analysis of A375 p53 -/- and A375 p53 WT cell line treated with NMD 
inhibitor and splicing inhibitor. Analysis of protein expression in treated cell line was performed by 
western blot. Measurements included proteins involved in antigen presentation pathway HLA-B and 
HLA-DR, as well as p53 and a product of a housekeeping gene GAPDH.Figure 5.302 Expression 
analysis of A375 p53 wild-type (AWT) and knockout (AKO) cell lines treated with NMD and 
splicing inhibitor (ISO). The colours of the heat map represent the log2(TPM) gene expression, 
becoming red when it is highly expressed and purple to blue for non-expressed and under-expressed 
values. The values in white represent a low level of expression becoming non-significant. Finally, the 
values in grey are for the genes which TPM was equal to 0.Figure  SEQ Figure \* ARABIC 6 Top 25 

upregulated genes in A375 p53 WT cell line treated with splicing inhibitor. 

 

Figure 5.303 Expression analysis of A375 p53 wild-type (AWT) and knockout (AKO) cell lines 
treated with NMD and splicing inhibitor (ISO). The colours of the heat map represent the 
log2(TPM) gene expression, becoming red when it is highly expressed and purple to blue for non-
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Figure 5.5 Expression analysis of A375 p53 wild-type (AWT) and knockout (AKO) cell lines 

treated with NMD and splicing inhibitor (ISO). The colours of the heat map represent the 

log2(TPM) gene expression, becoming red when it is highly expressed and purple to blue for non-

expressed and under-expressed values. The values in white represent a low level of expression 

becoming non-significant. Finally, the values in grey are for the genes which TPM was equal to 0. 

 

Expression of chosen genes was compared between samples and visualised using a 

heatmap (Figure 5.5).  Comparison was based on log2 of Transcript Per Million 

(TPM) value. Visualizing data using this method allowed for a clear overview of the 

differences and similarities between cell lines and treatment schemes. 

Transcriptomic analysis revealed that the expression profile of A375 p53WT after 

splicing inhibition resembles a control sample of A375 p53 -/-. Interestingly in p53-

null cells, expression of genes associated with MHC class II cell surface receptors is 

downregulated as well as SOX5 and SOX10. Whereas, transcript level of 

Cancer/Testis Antigens family SPANX genes, UCA1 and SOX9 is elevated in the 

knockout. After isoginkgetin treatment the HLA-DR expression goes down in A375 

p53 WT cell line and HLA-B transcript levels show an increase. Additionally, analysis 

of pathways associated with expression changes was performed and displayed in 

Supplementary section (Figure 7.3).  
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Transcriptomic analysis carried for the number of investigated samples is a 

costly procedure to be ran in technical triplicates. Therefore, for sequencing, three 

independent biological samples from each treatment were combined and sent for 

sequencing, thus not allowing to assign statistical measures. 

Western blot analysis was performed to assess whether transcript 

measurements correlate to protein production of the chosen genes. Immunoblotting 

showed that level of HLA-B protein is lower in the p53-null cell line (Figure 5.6). 

However, an increase in this protein production was demonstrated after NMDI14 

treatment. HLA-B is a crucial component of HLA I presentation pathway and 

elevation has been associated with more favourable response to treatment with  as 

well as HLA-DRA. Whereas, in cells treated with a splicing inhibitor, HLA-B protein 

expression goes down in both cell lines. In the near future, further analysis will be 

conducted. These results however imply that the transcript level does not always 

translates to the protein level. The next ongoing step is integrating mass 

Figure 5.6 Western blot analysis of A375 p53 -/- and A375 p53 WT cell line treated with NMD 

inhibitor and splicing inhibitor. Analysis of protein expression in treated cell line was performed 

by western blot. Measurements included proteins involved in antigen presentation pathway HLA-B 

and HLA-DR, as well as p53 and a product of a housekeeping gene GAPDH. 

 

Figure 5.346 Identification of mutational changes in RNA using CLC-Bio and GATK pipe-

line.Figure 5.347 Western blot analysis of A375 p53 -/- and A375 p53 WT cell line treated 

with NMD inhibitor and splicing inhibitor. Analysis of protein expression in treated cell line was 

performed by western blot. Measurements included proteins involved in antigen presentation 

pathway HLA-B and HLA-DR, as well as p53 and a product of a housekeeping gene GAPDH. 

 

Figure 5.348 Identification of mutational changes in RNA using CLC-Bio and GATK pipeline. 

Number of variants identified using CLC-BIO (orange) and GATK Pipeline (Blue) in A375 p53 KO 

(AKO) and A375 p53 wild-type (AWT) samples treated with NMDI or splicing inhibitor (ISO). 
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spectrometry data into this equation, giving a broader overview of the proteomic 

landscape.  

  These findings suggest that NMD and splicing inhibitor treatment can potentially be 

used as a tool to increase the neoantigen pool in p53-dependent manner, therefore 

increasing the number of potential cancer vaccine candidates.  

 

 

 

5.2.2 Variant detection and characterization 

 

Mutations in RNA of A375 cell lines were identified using CLC Bio and GATK 

pipeline. Two approaches were tested to compare sensitivity and accuracy of variant 

calling. Only one platform is more likely to omit some variants, or on the contrary 

annotate false-positive mutants, due to the low filtering rate (Figure 2.1).  

In the CLC Bio approach, RNA sequence is firstly trimmed from the adapters. 

Bases with low quality are removed to assure no room for potential error arising from 

low quality reads. Next, prepared sequenced were mapped to human reference 

hg38. Software gets rid of duplicate mapped sequences to remove paired reads that 

have the same start and end coordinates and are, thus, probably PCR duplicates. 

dbSNP databases were used to filter out known germline variants. 

In A375 p53 knockout samples where NMD pathway was inhibited by 

NMDI14, CLC Bio identified total of 790,897 RNA variants out of which 12.59% were 

nonsynonymous, thus able to produce novel peptides. On the other hand, RNA of 

NMDi-treated p53 wild type cell line displayed 1,049,790 mutation and 10.41% 

nonsynonymous. Samples treated with proteasomal splicing inhibitor displayed 

89425 for p53 knockout cell line and for wild-type 58,971 nonsynonymous mutations. 

The use of GATK pipeline led to identification of 298,684 nonsynonymous 

variants for p53 knockout and 50,1274 for wild-type samples treated with NMD 

inhibitor. Cells undergoing splicing inhibition showed 516,736 and 497,807 

nonsynonymous mutations for, accordingly A375 wild-type and knockout. The 
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analysis showed that CLC-Bio called significantly more variants than GATK pipeline 

(Figure 5.7), which indicates that either GATK filters out the low frequency mutations 

or CLC Bio detects some false positive events. 

 It is important now to compare the coverage of those platforms, discover the 

high confidence variants identified by both and asses the unique variants called 

through only one approach.  

Mutations were then annotated by Variant Effect Predictor. Prediction of the 

effect of the identified changes in the sequences showed that most variants (around 

60% in all samples) came from intronic regions. In coding regions, majority of 

identified variants came from the Single Nucleotide Variations (SNVs) that occur 

when a single nucleotide (e.g., A, T, C, or G) is altered in the DNA or RNA sequence 

(Figure 5.8). The biological impact of SNVs in coding regions depends on their type 

(synonymous versus missense), and in noncoding regions depends on their impact 

on RNA processing or gene regulation. Synonymous SNVs do not affect the protein 

sequence, while nonsynonymous SNVs change the amino acid sequence of protein. 

SNVs that are not in protein-coding regions may still affect gene splicing, 

transcription factor binding, messenger RNA degradation, or the sequence of 

noncoding RNA. On the other hand, missense variants are point mutations in a 

Figure 5.7 Identification of mutational changes in RNA using CLC-Bio and GATK pipeline. Number of 

variants identified using CLC-BIO (orange) and GATK Pipeline (Blue) in A375 p53 KO (AKO) and A375 p53 

wild-type (AWT) samples treated with NMDI or splicing inhibitor (ISO). 

 

Figure 5.393 Identification of mutational changes in RNA using CLC-Bio and GATK pipeline. Number 

of variants identified using CLC-BIO (orange) and GATK Pipeline (Blue) in A375 p53 KO (AKO) and A375 

p53 wild-type (AWT) samples treated with NMDI or splicing inhibitor (ISO). 

 

Figure 5.394 Identification of mutational changes in RNA using CLC-Bio and GATK pipeline. Number 

of variants identified using CLC-BIO (orange) and GATK Pipeline (Blue) in A375 p53 KO (AKO) and A375 

p53 wild-type (AWT) samples treated with NMDI or splicing inhibitor (ISO). 

 

Figure 5.395 Identification of mutational changes in RNA using CLC-Bio and GATK pipeline. Number 

of variants identified using CLC-BIO (orange) and GATK Pipeline (Blue) in A375 p53 KO (AKO) and A375 

p53 wild-type (AWT) samples treated with NMDI or splicing inhibitor (ISO). 

 

Figure 5.396 Identification of mutational changes in RNA using CLC-Bio and GATK pipeline. Number 

of variants identified using CLC-BIO (orange) and GATK Pipeline (Blue) in A375 p53 KO (AKO) and A375 

p53 wild-type (AWT) samples treated with NMDI or splicing inhibitor (ISO). 
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sequence of DNA in which change in a single nucleotide, results in a codon that 

codes for a different amino acid. In these cases, more than 50% of SNV mutations in 

coding regions were synonymous, whereas missense mutations accounted for 

around 40% of the identified variants.  

Detected variants were categorised according to the mutation type and 

frequency of occurrence. With these parameters defined, an RNAseq database was 

produced that integrates into the previously analysed DNAseq variant database. 

Variants found in DNA were compared with those identified on RNA level to point at 

the source of the potential mutated peptides. With such a combined RNA and DNA 

derived reference library, mutant peptides will be identified using mass spectrometry. 

 

Sequences carrying identified mutations underwent in-silico translation to 

peptides. Afterwards, predicted peptide sequences were cut into 9-mers to mimic 

proteasome processing during antigen presentation. Nine-mer sequences were 

analysed by NetMHCPan software predicting MHC binding affinity. For HLA-A0301 

number of peptides classified as Strong Binders (%rank>0.5) oscillated around 2000 

peptides, whereas for HLA-B0702 ranked around 4000 (Figure 5.9). Identified 

peptides were assessed and compared between treatment schemes, what showed 

Figure  SEQ Figure \* ARABIC 9 Comparison of number of variants called by CLC-Bio software and 

GATK pipeline. 

 

Figure 5.408 Peptides identified as Strong Binders by NetMHCPan. Peptides predicted in 
A375 p53 KO (AKO) and wild-type (AWT) with the %rank of 0.5 were classified as Strong 
Binders. Predictions were made for HLA-A0301 and HLA-B0702Figure  SEQ Figure \* ARABIC 9 

Comparison of number of variants called by CLC-Bio software and GATK pipeline. 

 

Figure 5.409 Peptides identified as Strong Binders by NetMHCPan. Peptides predicted in 

A375 p53 KO (AKO) and wild-type (AWT) with the %rank of 0.5 were classified as Strong Bind-

ers. Predictions were made for HLA-A0301 and HLA-B0702.  

 

Figure 5.410 Peptides identified as Strong Binders by NetMHCPan. Peptides predicted in 
A375 p53 KO (AKO) and wild-type (AWT) with the %rank of 0.5 were classified as Strong 
Binders. Predictions were made for HLA-A0301 and HLA-B0702Figure  SEQ Figure \* ARABIC 9 

Comparison of number of variants called by CLC-Bio software and GATK pipeline. 

B A 

Figure 5,8 Variant effect prediction of A375 p53 WT cell line treated with splicing inhibitor. Here pre-

sented exemplary VEP output charts for identified variants in treated cell lines A) Shows most severe conse-

quences of detected mutations B) Annotates variants found in coding regions. 
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that the largest number of peptides with high MHC binding affinity was found to arise 

after splicing has been inhibited by isoginkgetin. This gives a promising result, that 

confirmed by in vitro studies, can be used as a platform for inducing a production of 

immunogenic peptides in tumours with low mutational load. 

 

 

5.2.3 The immunopeptidome landscape in cells treated with NMD and splicing 

inhibitors. 

 

 

Variants discovered on RNA level, followed by expression analysis allowed us 

to detect differences in the immunopeptidome in the basal state or in drug treated 

cells. The RNAseq reference files were derived from shotgun RNAseq using RNA 

from untreated or treated cells and were processed using the CLCbio Genomics 

Workbench. In addition, where there were stop codons due to frameshift mutations in 

Figure 5.9 Peptides identified as Strong Binders by NetMHCPan. Peptides with the %rank of 

0.5 were classified as Strong Binders. Predictions were made for HLA-A0301 and HLA-

B0702 
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the genome, a second RNA reference sequence was produced that incorporated 

amino acids that can be detected at a stop codon readthrough in response to NMD 

inhibitor treatment. These RNA reference sequences were used to search for 

mutated peptides in the immunopeptidome. 

A375 p53 wild-type and knockout cell lines treated with NMD or splicing 

inhibitors were subjected to mild acid elution and immunoprecipitation followed by 

mass spectrometry detection. The analysis showed number of peptides eluted from 

MHC complexes. Comparison of samples with controls allowed for identification of 

peptides that were up- or downregulated as a result of treatment. Interestingly, NMD 

inhibition had a significantly stronger effect on elevating immunopeptide levels in 

both melanoma cell models (Figure 5.10 A, B). We also see slightly more potent 

effect of NMDI in p53 knockout cells compared to wild-type cells. NMD upregulated 

immunopeptides more potently almost regardless of status of p53.  After 24h with 

isoginkgetin an upregulation of the immunopeptidome was seen only in knockout 

cells and had almost no effect on these changes in p53 wild-type model. After 24h 

with isoginkgetin an upregulation of the immunopeptidome was seen only in 

knockout cells and had almost no effect on these changes in p53 wild-type model 

(Figure 5.10 C,D). 
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Figure 5.10 Volcano plot of peptides identified after recovery NMDi or splicing inhibitor 

treatment. Samples were treated with inhibitors for 24h and eluted MHC peptides via MAE. Peptides 

identified in A375 p53 wild-type (A) and knockout samples (B). Peptides after treatment with splicing 

inhibitors still showed changes in peptide abundance in p53 wild-type (C) and null (D) cell line. 
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After acid elution, cells were washed with PBS and placed back in culture for 

24 hours to test the recovery of presented peptide landscape. After MAE and mass 

spectrometry evaluation, it was demonstrated that inhibition of NMD shown the same 

trend of upregulated peptides as the initial samples. On the other hand, splicing 

inhibitor treatment demonstrated lower detection rate and high number of 

downregulated peptides in p53 wild-type cell line. However, we see slightly more 

potent effect of NMDI in p53 knockout cells at 24h compared to wild-type cells 

(Figure 5.11). Recovery experiments serves as an indicator of MHC- peptide 

turnover in growing cells. NMD upregulated immunopeptides more potently 

compared to isoginkgetin regardless of the count of recovery and almost regardless 

of status of p53.   
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Additionally, p53 knockout cells recover from the NMDI effect (global 

upregulation of immunopeptidome effect) more quickly compared to WT, in another 

word, the NMDI effect is persistence strongly in WT even at 48 h. Therefore, it is the 

A                                                                                B 

 

 

 

 

 

 

 

 

 

 

 
C                                                                                D 

Figure 5.11 Volcano plot of peptides identified after recovery (RCV). Samples were treated with inhibitors for 24h and 

eluted MHC peptides via MAE. Peptides identified after 24h recovery from NMD inhibition in A375 p53 wild-type (A) and 

knockout samples (B). Recovery after treatment with splicing inhibitors still showed changes in peptide abundance in p53 

wild-type (C) and null (D) cell line. 
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evidence that NMDI has different action of mechanism in each cell line (WT, KO) 

(Figure 5.11). 

Next, immunopeptides were compared with the corresponding mutated protein 

sequence from mutated protein database that was produced by the aggregate file 

that combined my mutant RNArefseq from DMSO treated cells, NMD inhibitor 

treated cells, isoginkgetin treated cells, all in both wild-typeand p53-knockout states 

(created by Jakub Faktor). This led to identification of 40 unique peptides (Table 

5.1).  

Peptide sequence Protein of origin Mutation

AATPAIRTV PABPC1 V505I

AILPRALQ KIF9 G114A 

APHGPGSLTTLVPW ATRAID D60G 

ASELHTSLY MDN1 H3423Y 

EIEILPLPV OS9 G42E 

EPEVQDPP BOD1L2 G161V 

GRADLIRLL ANKRD27 P761R 

HLQELYLA TIMELESS R831Q 

HQIDLIMQL CDK10 V205M 

HSTPTGTIPPP MUC6 V2046I 

HTAPTMTVTT MUC6 P2063T 

IFQLFLK MDN1 P5276L 

KEKREYL WDFY4 D2107Y 

KEMNNAFSHL UGT3A2 A321S 

KLDAGEQRL AMZ2 N30D 

LDGHRAGSPN LAMTOR5 S17N 

LELMKLK AK9 V727L 

LMISDFR EYS S1884R 

LPDLLKKVL ATP11A V1091L 

LTEEVAQEY TRIM5 R136Q 

LTNADETWYL CD1D P255T 

MVAIRHRC HTR3D R6H 

NLDKNTMGY DNAJC11 V243M 

NLDKNTMGY DNAJC11 V243M 

NSEEHSARY PXK K481R 

PHVSEKLIQLFQNK NELL1 R82Q 

QELDGVFQKL ZWINT R187G 

QIIQGIPQL PNPT1 Q260P 

RLRGHLEAV TRIM65 V222G 

RSVDVTNITF COPE T117I 

SELVKNFRRES STON2 W738L 

SKGLRG PARP10 L395R 

SLFFRKVAF MTCH2 P290A 

TFSEVIRNK GRIA4 A854V 

TLPHAEIFL CTH Q291P 

TWLLHIFIPS PDCD1LG2 F229S 

VIFDRFLGV PHB R43L 

VTEPGTAQY AKAP13 M452T 

VYLDRYR SLC15A3 G99D 

YLEDRPMFL LOXL2 M570L 

Table 5.1 Unique peptides discovered in immunopeptidomic data. 

 

Figure 5.440 DDA and DIA evidence of neoantigen presence. A) Data dependent 

acquisition mass spectrometry analysis identified ASELHTSLY peptide in multiples 

samples as indicated in MS1 spectrum B) Data independent mass spectrometry acquisi-

tion as shown by extracted peak groups and produced spectral library, confirms identifi-

cation of ASELHTSLY in samples.Table 5.2 Unique peptides discovered in immuno-

peptidomic data. 

 

Figure 5.441 DDA and DIA evidence of neoantigen presence. A) Data dependent 

acquisition mass spectrometry analysis identified ASELHTSLY peptide in multiples 

samples as indicated in MS1 spectrum B) Data independent mass spectrometry acquisi-

tion as shown by extracted peak groups and produced spectral library, confirms identifi-

cation of ASELHTSLY in samples. 

 

Figure 5.442 DDA and DIA evidence of neoantigen presence. A) Data dependent 

acquisition mass spectrometry analysis identified ASELHTSLY peptide in multiples 

samples as indicated in MS1 spectrum B) Data independent mass spectrometry acquisi-

tion as shown by extracted peak groups and produced spectral library, confirms identifi-

cation of ASELHTSLY in samples.Table 5.3 Unique peptides discovered in immuno-

peptidomic data. 

 

Figure 5.443 DDA and DIA evidence of neoantigen presence. A) Data dependent 

acquisition mass spectrometry analysis identified ASELHTSLY peptide in multiples 

samples as indicated in MS1 spectrum B) Data independent mass spectrometry acquisi-

tion as shown by extracted peak groups and produced spectral library, confirms identifi-

cation of ASELHTSLY in samples.Table 5.4 Unique peptides discovered in immuno-

peptidomic data. 

 

Figure 5.444 DDA and DIA evidence of neoantigen presence. A) Data dependent 

acquisition mass spectrometry analysis identified ASELHTSLY peptide in multiples 

samples as indicated in MS1 spectrum B) Data independent mass spectrometry acquisi-
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Out of which, ASELHTSLY peptide originating from mutation in MDN1 displayed 

high abundance, consistently found on a relatively high level in 2 different set of 

experiments. MDN1 is a nuclear chaperone required for maturation and nuclear 

export of pre-60S ribosome subunits. The originating mutation of ASELHTSLY 

peptide is a point mutation replacing H/histidine at position 3423 by Y /tyrosine. In 

the analysis, potential of the aforementioned peptide to be a neoantigen has been 

confirmed by several characteristics. It has been identified (DDA data) in both 

independent experiments 24h and recovery after 48h, which also points to another 

neoantigenic feature of having a high binding stability. It has been quantified in (DIA 

data) in both datasets at least in two conditions, especially after NMDI and splicing 

inhibition. Both DIA quantitation showed the results that agree in NMDI vs CTRL 

comparison and there is chance that peptide emerge after NMDI or at least it is 

upregulated compared to control (Figure 5.12). Additionally, the identified peptide is 

a ninemer, which is a known sequence length to be preferential for MHC 

presentation. Next, to fully confirm neoantigen features of detected peptides is to 

experimentally test its immunogenicity by using methods, such as Enzyme-Linked 

Immunosorbent Spot assay measuring IFN-γ secretion from T-cells incubated with 

tested peptide (Chudley et al., 2014). Secretion of IFN-γ from T-cells indicates their 

activation and therefore would show whether ASELHTSLY induced immune 

response. 

Identification of ASELHTSLY peptide has been a very exciting development of 

the pipeline. Confirmation of its presence with different methods and in different 

samples, leads to conclusion that it can be a potential neoantigen that could be used 

for production of cancer vaccine and in vivo tumour-rejection studies. This 

development indicates the importance of using proteogenomic pipelines with mass 

spectrometry-aided immunopeptidomic studies for identification of neoantigens.  

In parallel analysis of b16 mouse melanoma cell line was carried out. Using the 

same pipelines and prediction algorithms to facilitate identified peptides for vaccine 

formulation and in vivo studies of tumour rejection and immune response. However, 

results of this analysis are beyond the scope of this PhD as the data are still in 

preparation. 
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Figure 5.12 DDA and DIA evidence of neoantigen presence. A) Data dependent acquisition 

mass spectrometry analysis identified ASELHTSLY peptide in multiples samples as indicated 

in MS1 spectrum B) Data independent mass spectrometry acquisition as shown by extracted 

peak groups and produced spectral library, confirms identification of ASELHTSLY in samples. 

 

Figure 5.504 DDA and DIA evidence of neoantigen presence. A) Data dependent acquisi-

tion mass spectrometry analysis identified ASELHTSLY peptide in multiples samples as indi-

cated in MS1 spectrum B) Data independent mass spectrometry acquisition as shown by ex-

tracted peak groups and produced spectral library, confirms identification of ASELHTSLY in 

samples. 

A 

 

A 

 

A 

 

A 

 

A 

 

A 

 

A 

 

A 

 

A 

 

A 

 

A 

 

A 

 

A 

 

A 

 

A 

B 

 

Fi

g

ur

e 

5.

4

8

7 

M

et

h

o

d

s 

fo

r 

s

e

m

i-

q

u

a

nt

it



136 
 

 

5.3 Discussion 

 

 Personalized immunotherapies became an attractive alternative to the 

conventional treatment options available to fight cancer. However, prediction of 

cancer-specific antigens has been a challenging task.  As indicated by the presented 

study,,development of personalized therapeutics should be aided by information 

recovered from NGS and immunopeptidomic tools. Identified mutated peptides could 

be exploited as a patient-specific target pathway, such as mutations in EGFR in lung 

cancers (An et al., 2019). Mutations in the TP53 tumour suppressor gene are very 

frequent in cancer, and therefore the attempts to restore the functionality of p53 in 

tumours as a therapeutic strategy have been studied for decades (Ishizaki et al., 

2010). Aside of its tumour suppressor function, p53 has been shown to be involved 

in variety of mechanisms, including immune regulation (Levine, 2020). Therefore, 

creating a model that shows transcriptomic and immunopeptidomic changes upon 

manipulations of NMD pathway and splicing inhibition were focus of this study.  

 Neoantigens able to induce anti-tumour immune response have been vastly 

explored in recent years. With the identification of these immunogenic peptides 

always comes a question of their origin. The most prominent source of potential 

neoantigenic peptides are missense mutations in exonic regions, however there are 

other mechanisms that give rise to neoantigens including ribosomal frameshifting or 

proteasomal splicing of peptides (Roudko et al., 2020). Modification of these 

pathways in theory would be an excellent idea to increase the neoantigenic 

landscape of cancer cell and therefore leading to its elimination by immune system.  

 To detect these antigenic peptides and interdisciplinary approach is required. 

Utilizing information from patient’s genomic and transcriptomic data has been widely 

used for this purpose (Sahin et al., 2017). With the need for identification of 

mutational load in a large number of samples came the development of novel 

computational platforms aimed at variant detection, annotation and prediction of 

potential MHC-binding peptides inducing immune response (Benjamin et al., 2019; 

Koboldt et al., 2013; Krasnov et al., 2015). 
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However, the false discovery rates of current bioinformatics methods are 

poorly understood. Assarsson et al. showed that the proportion of peptides 

presented among all possible peptides may be in the order of 15% (Assarsson et al., 

2007). Because of that, there is a need for choosing the potential ‘candidates’ 

carefully. That is why, adding another level of the analysis, coming from the mass 

spectrometry examination of immunopeptidome will facilitate pinpointing to the 

peptides that more likely induce the antitumorigenic immune response. MHC 

complexes can be washed off a cell surface and the bound epitopes eluted, both 

methods MAE and immunoprecipitation have been useful in my PhD studies. 

However, as indicated in the previous chapters, both approaches have their 

disadvantages, including a large volume of a sample needed and the sensitivity of a 

mass spectrometry machine. Nonetheless, computational tools and development of 

better sample processing protocols could help solve these issues. 

Created in this study pipeline resulted in identification of mutational load of 

A375 p53 wild-type and knockout cell line. Induction of tumour-specific determinants 

have been explored in several studies (Pastor et al., 2010; Pierson et al., 2019). 

Here, aberrant splicing and NMD inhibition were used to determine whether we can 

see an increase the expression of mutated neoantigens. This approach has formed 

the basis of a simple, broadly useful, and clinically feasible approach to enhance the 

antigenicity of disseminated tumours leading to their immune recognition and 

rejection (Popp & Maquat, 2018). 

Detection of the immunopeptidome may support the inclusion of tumour-

associated neoantigens for the vaccine preparation, as well as expand the 

knowledge about the pathways leading to the peptide presentation on the cell 

surface. The presented neoantigen discovery pipeline forms the concept that specific 

drugs that target NMD can be used to stimulate the tumour cell to make its own 

vaccine, i.e. mutated immunopeptide.  
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6 Final remarks 

 

The identification of neoantigens, whatever their source, holds a great 

promise to further improve the efficacy of immunotherapeutic approaches. In order to 

achieve that, there is a need to create computational pipelines that would involve 

analysis of the data from next generation DNA and RNA sequencing and comparison 

with the proteomic data. Below is the outline of the conclusions of this thesis and 

weaknesses in a technological pipeline that could be improved in future. 

1. Using DNA and RNA variant detection pipelines to define the mutant 

landscape. This aim was an essential part of the ‘personalized’ reference 

database with one advantage being including low DNA variant reads with 

high RNA variant reads because the depth of RNAseq appears to be 

greater than the DNAseq depth used based on our current models.  

2. Because frameshifts were a key mutation load identified, I set up a project in 

parallel to the main aim (define immunopeptides) to define ‘rules’ for what 

can be incorporated where I found that specific amino acids can be 

incorporated at a stop codon based on rules but also novel frameshift 

readthrough can be identified even at the very C-terminus of a protein 

(Figure 4.11). However, despite the fact that we added these rule-based 

amino acids to our frameshift RNArefseq database (Chapter 5) we 

detected NO readthrough immunopeptides (data not shown). Thus, this 

rules-based readthrough refseq was successful in practise, but a 

weakness of including this in a future vaccine target discovery pipeline is 

that detecting these low abundance peptides requires “enrichment’ (in this 

case the pulldown of p53).  Therefore, including a stop codon read through 

database in future will require additional mass spectrometry 

methodologies to capture lower abundance immunopeptides.  

3. Using this optimized pipeline including DNAseq-RNAseq databases, 

demonstrated utilizing the A375 isogenic panel of cells, that the acidic 

wash step was as effective as the more ‘popular’ IP methodology. This 
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also has the advantage of using 100x fold less cells. Thus, I would 

propose that a future personalized vaccine target discovery pipeline can 

actually use only 1 x 10^7 cells from patients, with the 3-minute acid wash, 

to recover immunopeptides. Of course, if such cells can be amplified from 

patients even for a few divisions it would increase cell yield and also allow 

for more mass spectrometry injection or a second dimension prior to mass 

spectrometry to go deeper into the immunopeptidome detection.  

4. Utilizing this same cell model, was finally used with drug leads that impact on 

splicing or NMD to determine whether such treatments impact on the 

normal and mutant immunopeptidome using mass spectrometry. These 

data are at their infancy, but we could detect drug-dependent changes in 

the immunopeptidome. In addition, the mutated immunopeptides that we 

detected (Chapter 5) required the full RNAseq database (data not shown). 

This implies that the RNA read depth still remains limiting so that buy 

fusing the six different cell states-- (wt and null p53), DMSO-only, NMDi 

treatment, isoginkgetin treatment—the RNArefseq was comprehensive 

enough to allow mutant immunopeptide detection. As a result, future 

stydies should involve ‘ultra-deep’ RNAseq from an individual patient’s 

tumour to create a more accurate refseq when we search for mutant 

immunopeptides using mass spectrometry.  

. 
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7 Supplementary figures 

Figure 7.1 Methods for semi-quantitative analysis of peptides identified at the p53 STOP codon 

positions. A) An example of MS1 total ion chromatogram showing good spectra separation without 

contaminants with the peak 2.9*109 B) Determination of peak area from extracted ion chromatograms 

(EIC) of p53 peptide ions in MS1 with the use of the Thermo FreeStyle Software C) Spectra smooth-

ing with Gaussian 9 point was applied to all EIC. 
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Figure 7.2 Summary of semi-quantitative analysis of amino acid incorporation in two independent exper-

iments.  Semi-quantitative approach was based on the calculation of the ratios of spectral peak area. A) Semi-

quantitation of peptides identified in p53 protein as a result of TAA-219 readthrough, in triplicates, highlighting 

more Q substitutions (63%, 69%, and 83%) over Y substitutions (37%, 31%, and 17%), B) TAG codon 129, in 

triplicates, highlighting more Q substitutions (74%, 79%, and 78%) over Y substitutions (26%, 21%, and 22%), C) 

TGA codon 129, in triplicates, highlighting more R substitutions (70%, 77%, and 81%) over W substitutions (30%, 

23%, and 19%), D) TGA codon 128, in triplicates, highlighting mass of C substitutions, E) TGA codon 127, in 

triplicates, highlighting distribution (in %) or R, W, and C (charge +2 state), as well R residue in the charge +3 

state. 
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A 

B 

Figure 7.3 Ingenuity pathway analysis of A375 p53 null and wild-type cell line treated with splicing inhibitor. Ca-

nonical pathways significantly enriched in A375 p53 null cell line (A) and wild type (B) after 24h treatment with isoginkget-

in. Significantly enriched canonical pathways were identified with a right-tailed Fisher’s Exact Test that calculates a P-

value determining the probability that each canonical pathway associated with the dataset was due to chance alone. The 

P-values were corrected for multiple testing using the Benjamini-Hochberg method for correcting the false discover rate 

(FDR). The z-score indicates predicted activation state of the canonical pathway. Blue colour or lighter shades of blue 

indicate a negative z-score and down-regulation of the pathway, and orange colour or lighter shades of orange indicate a 

positive z-score and up-regulation of the pathway. Ratio shows the number of significantly expressed genes compared 

with the total number of genes associated with the indicated canonical pathway. 
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