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BACKGROUND

Cancer is the leading cause of death in developed countries and the second leading cause 
of death in developing countries. In total, 19.3 million new cancer cases and almost 10 
million cancer deaths occurred worldwide in 2020.[1] The incidence of cancer patients is 
increasing due to the ageing of the general population and the adoption of lifestyle-related 
risk factors, making the treatment of cancer patients a major global challenge.

Genomic instability – an enabling hallmark of cancer
Over the past decades, various hallmarks of cancers have been described that contribute to 
carcinogenesis.[2] These hallmarks include: 
• sustaining proliferative signalling, evasion of growth suppressors,
• resisting cell death, enabling replicative immortality,
• inducing angiogenesis, activation of invasion and metastasis,
• functionality to reprogram cellular metabolism and
• the capability of cancer cells to evade immunological destruction.
Genomic instability is an enabling hallmark that encompasses the progressive accumulation 
of genomic alterations, such as somatic copy number alterations (SCNAs), chromosomal 
rearrangements, and somatic mutations. The downstream consequences of these genomic 
alterations can lead to the acquisition of the cancer hallmarks during tumour evolution, 
resulting in differences in tumour behaviour or treatment response. In almost all cancer 
types, genomic instability is a common characteristic. However, the degree and type of 
genomic instability show significant heterogeneity between cancer types.[3] The following 
paragraphs will discuss how genomic instability is acquired in different tumour types and 
at which time during tumorigenesis.

Replication stress - a driver of genomic instability
DNA replication is a crucial process for the proliferation of cells and sustaining biological 
inheritance.[4] Replication stress is defined as the event of slowing or stalling of DNA 
replication.[5] DNA replication occurs bi-directionally and ensues at specific genomic 
loci, called 'replication origins'. Replication origins are abundantly present in eukaryotic 
genomes, with more than 30,000 origins in the human genome. Initiation of replication 
at origins must be strictly controlled to ensure that the genome is only replicated once 
per cell cycle. To achieve this, the onset of replication is a two-step process consisting 
of 'licensing' and 'firing' of replication origins. Before the S-phase of the cell cycle, when 
cyclin-dependent kinase (CDK) activity is low, each origin is 'licensed' by a combination of 
replication initiation proteins to prepare the chromatin for replication. Licensed origins are 
then 'fired' at the onset of the S-phase when CDK activity is high.[6] As CDK activity remains 
high for the rest of the cell cycle, this two-step mechanism prevents re-replication of DNA. 
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Once origins fire and DNA replication commence, cells need to balance accuracy, replication 
speed, nucleotide consumption and recycling and repositioning of replication factors and 
chromatin components to complete replication efficiently.[5] To this end, eukaryotic cells 
fire replication origins in a regulated fashion, dividing them into early replicating and late 
replicating origins. Interestingly, many licensed origins are not fired in an unperturbed 
S-phase during replication and are considered 'dormant' origins. Instead, these dormant 
origins can be activated following replication stress to ensure DNA replication at stalled 
replication forks.[7] Stalled replication forks are vulnerable, and may collapse, leading to 
DNA double-strand breaks (DSBs). When DSBs are not adequately repaired, this may result 
in genomic instability. Therefore, to maintain genomic stability, it is essential to safeguard 
the process of DNA replication.[8]

Various studies indicated that oncogene overexpression is an important cause of replication 
stress. Oncogene overexpression can induce replication stress via several mechanisms.[9] 
For instance, the oncogene Cyclin E1 overexpression has been shown to trigger aberrant 
firing of replication origins. The aberrant firing of replication origins subsequently depletes 
the nucleotide pool, leading to stalling or collapse of replication forks.[10] Moreover, it was 
observed that overexpression of Cyclin E1 and MYC oncogenes induce the firing of de novo 
DNA replication origins that mapped within highly transcribed genes. The firing of these de 
novo origins leads to collisions between transcription and replication machinery, involving 
R-loops, resulting in slowing or complete stalling of replication forks.[11] 

To protect these stalled forks or repair DSBs due to fork collapse, several repair pathways 
get activated. One of these pathways, homologous recombination (HR), can prevent DNA 
degradation at the stalled replication fork and repair the DSBs.[12] Two important genes 
involved in the homologous recombination (HR) pathway are BRCA1 and BRCA2.[13–16] In 
certain cancers, defects in HR arise due to mutation in genes involved in HR. For example, 
in approximately 5 – 10% of breast cancers and 10 – 18% of ovarian cancers, germline 
mutations occur in BRCA1 and BRCA2.[17] Individuals with an inherited BRCA1 or BRCA2 
mutation have one mutant copy and one wild type copy, and the wild type copy is lost in 
tumours, which leads to a defect in HR. The defects in HR lead to failed protection and repair 
of replication forks, altered replication timing and progression, resulting in replication 
stress and driving genomic instability.[18][19] 

As several drugs have been developed that specifically target tumour cells with high 
replication stress levels, it is increasingly relevant to classify subtypes of cancers with 
different levels of replication stress. Although specific tumour-associated genomic 
alterations have been related to the induction of replication stress as described above, 
many more genomic features are thought to induce replication stress. Therefore, uniformly 
determining oncogene-induced replication stress levels in samples from patients with 
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cancers will help us moving forward to the progress of more potent ways to treat cancer.

Copy number alterations - consequence of genomic instability
Replication stress and the ensuing collapse of stalled replication forks result in DNA 
double-strand breaks (DSBs).[20][21] When DNA DSBs are erroneously repaired, this can 
lead to focal copy number alterations (CNAs).[22] By contrast, whole chromosome CNAs 
arise from erroneous segregation of chromosomes in meiosis or mitosis.[23] Genomic 
profiling studies have shown that CNAs of various sizes are ubiquitous in cancer, but the 
genomic position of the CNAs is not completely random.[24] CNA profiling studies of human 
tumours have increasingly mapped recurrent patterns of gain or loss of DNA segments 
across various human cancer subtypes.[25] These recurrent patterns of CNAs suggest that 
selective pressure drives the evolutionary process of tumorigenesis. Acquisition of specific 
CNAs with their downstream molecular effects in the tumour cell may be essential for the 
rewiring process of a tumour cell to cope with the genomic instability or acquisition of 
the other hallmarks of cancer, including immune system evasion. This rewiring process 
and acquisition of hallmarks can give tumour cells a survival advantage. As the expression 
levels of genes mapping to driver CNAs might be altered to mediate the acquisition of the 
cancer hallmarks, exploring the downstream molecular effects of CNAs is crucial to help 
advance the development of more effective ways to improve disease outcomes.

Cancer types with a high degree of genomic instability
Numerous tumours lack clearly defined oncogenic drivers, which excludes them from the 
targeted therapeutic approaches that are currently available. A key property of cancers 
without clear oncogenic drivers is their high degree of genomic instability, common to 
many aggressive cancer types. Triple-negative breast cancers (TNBC) and high grade serous 
ovarian cancers are the prototypical examples of cancers displaying an extraordinarily high 
degree of genomic instability and, therefore, many CNAs.[26] Breast cancers are classified 
as TNBC when they do not express the estrogen, progesterone and HER2 receptor. 
These subtypes are typically very heterogeneous in their expression profiles and behave 
aggressively, with early metastatic spread and poor prognosis.[27] To help this hard-to-
treat group of patients, we need to understand how the CNAs facilitate these genomically 
unstable cancer types to acquire the cancer hallmarks, including escaping destruction by 
the immune system.[2]

Challenges in exploring downstream molecular effects of CNAs
CNAs that occur recurrently in different cancer types can likely be the driver CNAs. Genes 
mapping to these driver CNAs might reveal the molecular mechanisms behind how these 
recurrent CNAs lead to the observed tumour behaviour or treatment response. There are 
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many challenges identifying the driver CNAs and their downstream molecular effects of 
acquiring the hallmarks in genomically unstable tumours.

Firstly, individual tumours can contain multiple CNAs, so it is difficult to distinguish the 
driver CNAs relevant for tumour behaviour or treatment response from the numerous 
passenger CNAs that accumulate during carcinogenesis. Secondly, the genomic region 
affected by gain or loss of DNA segments may be large and contain multiple genes. It is, 
therefore, difficult to identify the gene(s) within each of the driver CNAs that is/are most 
likely to be causally related to tumour behaviour or treatment response. The search for 
the candidate causal gene(s) is further complicated by the likelihood that a driver CNA 
might exert its effect by regulating gene expression levels located far outside the altered 
genomic region. These challenges can be tackled by correlating copy number profiles 
from large scale cancer genomes and corresponding mRNA expression profiles from large 
scale transcriptomes, which will enable us to identify the effects of recurrent CNAs on gene 
expression levels and associate them with tumour behaviour reliably.

The large-scale analyses referred to above require acquiring many genomic and 
transcriptomic datasets, which is excessively costly. Re-analysis of public domain data can 
reduce these attenuating factors. Many gene expression profiles and copy number profiles 
have been publicly stored in online repositories such as the Gene Expression Omnibus 
(GEO) and The Cancer Genome Atlas (TCGA) for all sorts of tissues.[28][29] These databases are 
steadily growing in volume and diversity, allowing for the generation of strong hypotheses 
about how cancer cells acquire different cancer hallmarks. Despite continuous updates of 
these databases, the number of samples with paired genomic and transcriptomic data is still 
insufficient to conduct robust large scale association studies. The number of samples with 
only transcriptomic data is considerably larger in the public domain than those with paired 
genomic and transcriptomic profiles. As the number of publicly available transcriptomic 
profiles not having paired copy number profiles is quite large in number, it would increase 
the robustness of large-scale association studies if we could extract the downstream effects 
of CNAs on gene expression levels from these publicly available transcriptomic datasets 
without depending on paired copy number profiles.

The downstream molecular effects of a driver CNA could involve changes in gene expression 
or disruption of the functionality of genes. Altering gene expression levels is an important 
intermediate layer between CNAs and their phenotypic effects.[21, 30, 31] Studies found that 
gaining or losing a specific DNA fragment translates into altered gene expression levels.[21] 

Similarly, it was shown in isogenic models with a gain of entire chromosomes that mRNA 
expression for the genes on the additional chromosome was elevated.[32] However, it is 
extremely challenging to conclude that the effects of focal or single-gene amplifications/
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deletions in tumour samples would lead to higher or lower expression of genes mapping to 
corresponding genomic location. It is challenging to identify altered mRNA expression due 
to any type of CNAs because the downstream effects of CNAs on gene expression levels 
can be subtle and are often overshadowed by other non-genetic effects.[33] This is because 
bulk gene expression profiling is usually performed on complex biopsies comprising 
tumour cells and non-tumour cells from the tumour microenvironment. Therefore, a gene 
expression profile measures the average expression of all cell types present in tumour 
biopsies. This means that the effects of CNAs on gene expression levels - besides being 
influenced by batch effects and other non-genetic factors - are often overshadowed by 
non-tumour cells' effects.

Some of the most common batch effects which might contribute to non-biological 
effects in gene expression data are time-of-day, chip platform, laboratory site, handling-
stress, preservation protocols and storage conditions. Currently, tools are used to adjust 
the gene expression data for known batch labels. A major disadvantage in using these 
tools is that the users need to know the defined batch labels a priori. Most of the gene 
expression profiles in public repositories do not contain adequately defined batch labels. 
Also, there are potential batch effects that researchers might not anticipate and hence 
would not be available for batch effect correction. Our team previously developed a tool 
named functional genomic mRNA (FGmRNA) profiling, which showed better performance 
than contemporary tools to correct gene expression levels for unknown batch effects and 
other non-genetic factors without the need for defined batch labels.[33] FGmRNA profiling 
uses principal component analysis to enhance the view on downstream effects of genomic 
alterations on gene expression levels. The downside of this platform-specific tool is that 
tens of thousands of gene expression profiles from other platforms cannot be adjusted 
for non-genetic factors using FGmRNA-profiling. Therefore, developing a platform-
independent tool adjusting for unknown batch effects and other non-genetic factors is 
essential to explore further association between genomic alterations and expression levels 
of genes in different pathways.

The knowledge gaps of research can impact gene set enrichment analysis
Modern high-throughput experiments enable researchers to determine the association 
between each gene and a phenotype. Gene sets, collection of genes sharing a common 
characteristic (e.g., function in a specific biological signalling pathway or show 
similar altered expression upon a specific perturbation), are often used to investigate 
overrepresentation of biology in a particular set of genes that are significantly associated 
with a phenotype. Currently, most gene sets are defined based on experimental works that 
associated genes with specific biological functions.  The Molecular Signatures Database 
(MSigDB) is one of the most widely used, comprehensive and constantly updated gene set 
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collections commencing in 2005.[34, 35] A total of 31,117 gene sets are divided into several 
gene set collections in MSigDB: hallmark, positional, chemical and genetic perturbations, 
canonical pathways (BIOCARTA, KEGG, PID, REACTOME and Wikipathways), regulatory 
targets (microRNA targets, transcription factor targets), computational gene sets (cancer 
gene neighbourhoods, cancer modules), gene ontology, human phenotype ontology, 
oncogenic signature, immunologic signature and cell type signature gene sets. 

A powerful analytical method named gene set enrichment analysis (GSEA) is often used 
to interpret associations of genomic alterations with gene expression levels.[36] GSEA helps 
identify the over-representation of gene sets in the highly (top or bottom) associated genes 
and gives insight into broader biological themes (depending on gene set collection used). 
There are various versions of conducting GSEA. One version of GSEA utilises a method 
involving a group comparison test (e.g., Welch's t-test, Mann-Whitney U test, Fisher's exact 
test, or Kolmogorov-Smirnov test). A group comparison test is conducted between the set 
of metrics (e.g., level of association with CNAs) of genes that are members of the gene set 
under investigation and the set of metrics of genes that are not members of the gene set 
under investigation. To compare gene sets of different sizes, group comparison statistics 
are transformed to enrichment scores as z-transformed p-values. Using the enrichment 
scores, we can explore the biological processes driving the association between CNAs and 
expression levels of genes.

Despite the continuous update of these gene set collections from MSigDB, genes 
exist that are not assigned to any gene set, and gene sets might contain genes that are 
incorrectly assigned. Consequently, GSEA using these gene set collections can hamper 
the interpretation of the association between CNAs and expression levels of genes. All 
the genes can be provided with a gene set membership likelihood using large-scale 
transcriptomic data to reduce this limitation. This can be accomplished by comparing gene 
co-expression patterns within a guilt-by-association (GBA) strategy. For example, 28 genes 
are involved in the homologous recombination (HR) gene set from KEGG. So, a strongly 
co-expressed gene with these 28 genes is likely to be involved in HR as well. A potential 
limitation arises when a gene is involved in multiple biological processes.[37] One of these 
biological processes might have a dominant effect on the observed gene expression profile 
and can overshadow the subtle effects of other biological processes.[33] Therefore, relying 
on co-expression may bias gene set membership likelihoods obtained using the GBA 
strategy towards dominant biological processes. An approach to overcome this limitation 
is to first apply principal component analysis (PCA) to the gene expression input data. 
Using PCA results in a smaller set of new variables called principal components (PCs). These 
PCs capture most of the variance of the original gene expression input data. In the context 
of gene expression data, PCs are referred to as transcriptional components (TCs). TCs can 
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capture both dominant and more subtle transcriptional footprints of biological processes.
[38] Using TCs in a GBA strategy improves gene set membership predictions compared to 
regular gene to gene co-expression patterns.[39] Although TCs are linearly uncorrelated, 
two or more TCs may still possess a nonlinear mutual correlation. This correlation reflects 
the transcriptional footprint of a biological process that is partially captured in multiple 
TCs. Segregating nonlinear correlations into individual TCs may further improve gene set 
membership predictions. It is of great interest to develop tools to capture these strong and 
subtle transcriptional footprints while minimising their nonlinear mutual correlation.

AIM

The aim of the thesis is, therefore, to: 
• Use publicly available transcriptomic data for gaining more insight into how 

genomically unstable cancers acquire different hallmarks of cancer.
• Develop novel tools to improve biological interpretation of complex transcriptomic 

data.

THESIS OUTLINE

Oncogene-induced replication stress characterises many aggressive cancers, including 
triple-negative breast cancer (TNBC). Several treatments are being developed that target 
replication stress, including inhibitors of cell cycle checkpoint kinases. However, it is unclear 
how tumours with high replication stress levels can be identified to facilitate patient 
selection for such treatments. Therefore, in chapter 2, we describe a gene expression 
signature of oncogene-induced replication stress. A panel of TNBC and non-transformed 
RPE1-TP53wt and RPE1 TP53-/-cell lines were engineered to overexpress the oncogenes 
CDC25A, CCNE1 or MYC. DNA fibre analysis is used to study whether overexpression results 
in altered replication kinetics. RNA sequencing analysis of this cell line panel after oncogene 
induction is used to uncover genes of which expression is related to replication stress. 
Subsequently, TCGA gene expression data of patient-derived tumour samples (n=10,592) 
is analysed to identify differentially expressed genes in tumours with amplification of 
oncogenes known to trigger replication stress (CDC25A, CCNE1, MYC, CCND1, MYB, MOS, 
KRAS, ERBB2, and E2F1).

As described above, many cancers are characterised by genomic instability, resulting in 
the accumulation of structural chromosomal aberrancies, such as copy number alterations 
(CNAs). CNAs are ubiquitous in many cancer types, including triple-negative breast 
cancers, promoting tumour evolution by altering gene expression levels. However, due to 
adaptive transcriptional mechanisms, alterations in gene copy numbers at the genomic 
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level do not always translate proportionally into adapted gene expression levels. In spite 
of current efforts, the degree of transcriptional adaptation to copy number alterations still 
remains unclear for most genes. To study the degree of transcriptional adaptation to CNAs 
in a genome-wide fashion, in chapter 3, we reanalyse >34,000 publicly available gene 
expression profiles from patient-derived healthy tissue and tumour samples and tumour 
cell line samples. Utilizing these analyses and findings, we develop a platform-independent 
method – 'transcriptional adaptation to CNA profiling' (TACNA profiling) – to extract the 
transcriptional effects of copy number alterations from gene expression profiles without 
requiring paired CNA profiles.

Despite the introduction of several targeted agents, the overall survival of patients with 
advanced high grade serous ovarian cancer remains poor. In chapter 4, we use consensus-
independent component analysis (c-ICA) to extract the transcriptomic footprints of 
biological signals from publicly available gene expression data from 1,125 epithelial 
ovarian cancer samples, spanning all different histological subsets. We study biology of 
the epithelial ovarian cancer subtypes to the uncovered transcriptomic footprints and 
relate these to the prognosis of patients with platinum-treated serous ovarian cancer using 
survival tree analysis to uncover subtype-specific targets for therapy.

In chapter 5, we investigate how incomplete functional information about genes can 
limit the interpretation of high throughput experiments. Predicting gene functions can 
overcome this limitation. We perform consensus independent component analyses (c-ICA) 
on mRNA expression profiles obtained from mouse microarray, human microarray, and 
human RNA-seq samples (total = 161,185). The resulting transcriptional components (ICA-
TCs) is used in a guilt-by-association (GBA) strategy to predict gene–set memberships 
between >50,000 coding and non-coding genes and up to >23,000 gene sets. 

Finally, in chapter 6 the main findings of this thesis are summarised. This is followed by a 
discussion about interpretations of these findings and future perspectives.
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