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SUMMARY

Genomic instability is an enabling hallmark of cancer that comprises the progressive ac-
cumulation of copy number alterations (CNAs). The downstream consequences of these 
CNAs can lead to the acquisition of the cancer hallmarks resulting in differences in tumour 
behaviour. A high degree of genomic instability is a common property of hard-to-treat can-
cer types, such as triple-negative breast cancers or high grade serous ovarian cancers. The-
se types of cancer are typically very heterogeneous in their expression profiles and behave 
aggressively, with early metastatic spread and poor prognosis. These aggressive cancer 
types generally lack a clearly defined oncogenic driver. We need to understand how the 
CNAs facilitate these genomically unstable cancer types to acquire the cancer hallmarks. 
To this end, this thesis aimed to use publicly available transcriptomic data for elucidating 
how genomically unstable cancers acquire different hallmarks of cancer. Along with that, 
we aimed to develop novel tools to improve the biological interpretation of complex tran-
scriptomic data.

In chapter 1, a general introduction to the thesis with corresponding aims was provided.

In chapter 2, we identified a six-gene signature of oncogene-induced replication stress 
(NAT10, DDX27, ZNF48, C8ORF33, MOCS3, and MPP6). Immunohistochemical analysis of 
NAT10 in breast cancer samples (n=410) showed strong correlation with expression of 
phospho-RPA and H2AX. Finally, to define the landscape of replication stress levels across 
27 tumour subtypes, we applied our oncogene-induced replication stress signature to pa-
tient samples from TCGA (n=8,862) and GEO (n=13,912), which identified diffuse large B 
cell lymphoma, ovarian cancer, TNBC and colorectal carcinoma as cancer subtypes with 
high levels of oncogene-induced replication stress.

In chapter 3, by reanalysing >34,000 gene expression profiles, we revealed the degree of 
transcriptional adaptation to CNAs in a genome-wide fashion. The degree of transcriptio-
nal adaptation is strongly associated with distinct biological processes. We observed that 
~10%, ~50%, and ~40% of genes have a low, moderate, and a high degree of transcripti-
onal adaptation to CNAs, respectively. Furthermore, we observed strong associations be-
tween distinct biological processes and the degree of transcriptional adaptation to CNAs. 
Building on our analysis and findings, we developed a platform-independent method – 
‘transcriptional adaptation to CNA profiling’ (TACNA profiling) – that extracts the transcrip-
tional effects of CNAs from gene expression profiles without requiring paired CNA profiles. 
TACNA profiling was applied to >28,000 patient-derived tumour samples to define the 
landscape of transcriptional effects of CNAs. The utility of this landscape was demonstrated 
by identifying four genes that, when transcriptionally affected by CNAs, are predicted to be 
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involved in tumour immune evasion. Together, these findings provide novel tools to gain 
insight into how CNAs drive tumour progression via altered gene expression levels. Ultima-
tely, these insights might lead to the discovery of new therapeutic strategies, particularly 
for copy number-driven malignancies such as triple-negative breast cancer.

Gene expression profiles of HGSOCs increased our understanding of tumour biology but 
have not resulted in novel treatment strategies. These expression profiles represent the 
average expression of all cancerous and non-cancerous cells present in the biopsy. Therefo-
re, the transcriptional footprint of relevant biological processes may be overshadowed by 
other transcriptional footprints, making them difficult to detect. In chapter 4, we applied 
consensus-independent component analysis (c-ICA) on expression profiles of 1,089 epit-
helial ovarian cancer samples to identify subtle transcriptomic processes related to clinical 
endpoints. We identified 374 distinct transcriptional footprints and related those to biolo-
gical processes using gene set enrichment analysis. Six transcriptional footprints classified 
patients with platinum-treated serous ovarian cancer into distinct survival cohorts. These 
transcriptional footprints were associated with 1) neuronal development, 2) replication & 
apoptosis due to alterations in chromosome 13q12-q14, 3) proliferation & immune res-
ponse due to alterations in chromosome 11q13-q15, 4) replication stress due to alterations 
on chromosome 9p13-p21, 5) neurotransmitter signalling, and 6) extracellular matrix inter-
action. The cohort with the worst survival (15% of the patients) was defined by high activity 
of the transcriptional footprint with similarities to neuronal development. This study shows 
the strength of independent component analysis in dissecting gene expression datasets 
and unveiled biological processes relevant for the clinical outcome
of HGSOC.

In chapter 5, we show that usage of ICA-derived transcriptional components 1) provides 
more confident functionality predictions, 2) improves predictions when new members are 
added to the gene sets, and 3) is less affected by gene multifunctionality in comparison 
with principal component analysis (PCA) derived transcriptional components.

DISCUSSION AND FUTURE PERSPECTIVES

Increasingly, a high degree of genomic instability has been recognized as a key feature 
of hard-to-treat cancers. Unfortunately, numerous cancers with a high degree of genomic 
instability often lack the oncogenic drivers that are currently defined or have oncogenic 
drivers that are currently undruggable. Therefore, patients with these cancers do not be-
nefit from the available molecularly targeted therapies that target these drivers. The high 
degree of genomic instability in these hard-to-treat cancers is often the result of increased 
replication stress (RS), leading to genomic alterations such as copy number alterations 
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(CNAs). In this thesis, we developed and applied bioinformatical tools that can enable cli-
nicians and researchers to develop new treatment strategies to improve the disease out-
come of patients with cancer with a high level of replication stress and/or a high degree of 
genomic instability.

Optimal patient subgroup selection using oncogene-induced replication stress in dif-
ferent cancers
Several drugs have been developed to reduce tumor growth by inhibiting replication 
checkpoint kinases such as ATR, WEE1, and CHK1. However, not all patients benefit from 
these drugs. It remains unclear why their tumors, which are the same tumor type, still differ 
in treatment response. This differential response is in accordance with the growing percep-
tion that each tumor type comprises biological subsets with distinct molecular properties 
and biological behaviors. Cancers cells with high levels of oncogene-induced replication 
stress and, therefore, a high degree of genomic instability are expected to be most vulnera-
ble to these inhibitors of replication checkpoint kinases. This notion underscores the need 
to learn about oncogene-induced replication stress levels in individual tumors to guide se-
lecting the best treatment for the right patient (i.e., precision medicine). Developing such 
patient selection tools could help to implement drugs that target RS successfully. Additio-
nally, effective patient selection can prevent unsuccessful treatments and unnecessary side 
effects, while healthcare costs can be reduced.

 In chapter 2, we examined transcriptional effects associated with oncogene-in-
duced replication stress in cell line models and tumor samples to gain insight into the re-
lation between oncogene expression and RS. Analysis of a panel of triple-negative bre-
ast cancer (TNBC) and non-transformed RPE1 cell lines, combined with a large dataset of 
patient-derived cancer samples, yielded a six-gene signature of oncogene-induced repli-
cation stress. Our mRNA-based signature points towards high replication stress levels in 
high-grade serous ovarian cancers (HGSOCs), colorectal cancers (CRCs), diffuse large B-cell 
lymphomas (DLBCLs), triple-negative breast cancers (TNBCs), cholangiocarcinomas, and 
esophageal carcinomas. Among these are cancer subtypes like HGSOCs and TNBCs that 
were previously described as prototypical cancers with high levels of replication stress. 
These cancer subtypes frequently contain somatic TP53 mutations and amplification of 
MYC and CCNE1, linked to replication stress and genomic instability.1,2,3,4 DLBCL showed a 
high score using our gene expression signature. This finding is in line with observations of 
MYC amplification, mutation of chromatin remodeler ARID1A, and deletion of CDKN2A/B 
in DLBCL, with accompanying sensitivity to inhibitors of replication checkpoint kinases. 
Although cholangiocarcinoma and CRC are not commonly regarded as cancer types linked 
to genomic instability associated with high levels of oncogene-induced replication stress, 
they scored high in our signature. Studies described recurrent alterations in the proto-on-
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cogene CCND1, cell cycle regulatory gene CDKN2A, and the chromatin remodelers ARI-
D1A, IDH1/2, and PBRM1, which could underlie replication stress in cholangiocarcinomas. 
Additionally, the chromosomal instability that characterizes CRCs was linked to replication 
stress, as judged by slower replication fork progression and increased numbers of ultrafine 
anaphase bridges and 53BP1 bodies in G1 cells.5

Inhibitors of replication checkpoint kinases ATR, WEE1, and CHK1 are undergoing clinical 
evaluation. Out of four ATR inhibitors in clinical trials (berzosertib, ceralasertib, M4344, and 
BAY1895344), efficacy results from the phase II trial of berzosertib are currently available. A 
completed phase II randomized trial (NCT02595892) of berzosertib, when combined with 
gemcitabine, showed improvement of 8.2 weeks for median progression-free survival com-
pared to gemcitabine-treated patients with recurrent, platinum-resistant advanced ovari-
an cancer.6,7 Three of the four ATR inhibitors (berzosertib, ceralasertib, and BAY1895344) 
have revealed tolerable toxicity in patients. Monotherapy with these drugs resulted in no 
dose-limiting toxicities (DLTs) with an acceptable level of myelosuppression.8,9,10,11 Of note, 
these trials were performed in treatment-resistant patients, including platinum-based re-
gimens. These tumors may have developed mechanisms to deal with high levels of treat-
ment-induced genomic instability. The effects of ATR inhibition may be greater in tumors 
that are not yet resistant to regular chemotherapeutics.

 A phase I trial (NCT00648648) evaluated WEE1 inhibitor (adavosertib) in mono-
therapy and combinatorial therapies for advanced solid tumors.12 Out of 176 patients eva-
luable for efficacy, 94 (53%) had stable disease (SD) as best response, and 17 (10%) achie-
ved a partial response (PR), suggesting that adavosertib showed clinical benefit in both 
monotherapy and combinatorial regimens. This trial also concluded that adavosertib was 
well-tolerated as a single agent and in combinatorial therapies at doses associated with 
target engagement. 

 In contrast, five out of seven CHK1 inhibitors did not show impressive results 
compared to ATR or WEE1 inhibitors. Except for the clinical trials of two CHK1 inhibitors 
(prexasertib, SRA737), clinical trials with other five CHK1 inhibitors (rabusertib, MK-8776, 
GDC-0575, PF-00477736, and AZD7762) were completed without further succession or 
were terminated for strategic reasons or toxicity profiles. For instance, out of 38 patients 
in a phase I trial (NCT00413686), only two showed PR, and four showed SD for over 12 
weeks after administering CHK1 inhibitor (AZD7762) with gemcitabine.13 Due to cardiac 
toxicity in patients, further progression on this trial was terminated. However, phase I study 
of prexasertib (NCT01115790) showed 15 patients exhibiting SD and two showing PR out 
of 43 patients with squamous cell carcinoma suggesting good efficacy of prexasertib in 
monotherapy.14 However, the recent phase I study results do not favor prexasertib in com-
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binatorial therapy for advanced or metastatic tumors, as three out of nine enrolled patients 
experienced serious DLTs (grade 4), and only one patient had the best overall response of 
SD.15 The failure of these five CHK1 inhibitors in providing clinical benefit may be attributed 
to the insufficient inhibition of CHK1 due to the necessary dose reductions because of the 
drug toxicity. 

 Although results from the phase III studies are still awaiting, current results have 
indicated the importance of finding the optimal patient subgroups, as many patients have 
the same tumor type but still differ in treatment response. Initially, a pooled gene expres-
sion profiling analysis on a retrospectively collected set of patients from all trials with the 
abovementioned drugs could help us obtain the six gene RS signature score for all patients. 
Association of the RS signature score with treatment response of patients could reveal the 
optimal cutoff of RS signature score for which response is observed. If such a cutoff is sta-
tistically significantly attained, a prospective trial can test that cutoff of the six gene RS 
signature score, including the drugs mentioned above. This type of focused analysis of on-
cogene-induced replication stress using this gene expression signature in clinical trials may 
help us obtain optimum patient subgroups for using checkpoint inhibitor kinases.

Disentangling mRNA expression profiles of patients from different cancers
Chapter 3 revealed the landscape of transcriptional effects of CNAs and determined how 
these effects might influence the composition of immune cells in the tumor microenviron-
ment. After generating the landscape of transcriptional effects of CNAs, we identified four 
genes (IRF2, OSTF1, LOC90768, and ZCCHC6) associated with reduced CD8+ T cell abun-
dance in the tumor microenvironment. This is especially interesting as a high number of 
CD8+ T cells is associated with higher response rates to immune checkpoint inhibitors.16,17,18 

Several studies are currently exploring strategies to increase CD8+ T cell infiltration for en-
hancing response. For example, Shigeta et al. showed regorafenib/anti-PD1 combination 
therapy increases CD8+ T cell infiltration by inducing CXCL10 expression in hepatocellular 
carcinoma. However, this strategy of increasing CD8+ T cell infiltration still needs to be 
investigated on other types of cancers.19

 Another strategy to increase CD8+ T cell infiltration might be targeting the four 
genes identified using TACNA profiles in chapter 3. These four genes showed a significant 
association with reduced inferred CD8+ T cell abundance in the tumor microenvironment. 
In combination with immune checkpoint inhibitors, this might enhance an anti-cancer 
immune response and improve disease outcomes. One of these four genes, IRF2, enco-
des interferon regulatory factor 2, an interferon regulatory transcription factor (IRF) family 
member. Loss of IRF2 in a CRISPR-based forward genetic screen leads to immune evasion in 
cancers through decreased MHC class I antigen presentation and increased PD-L1 expres-
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sion.20 One of the other three genes, ZCCHC6, encodes for the terminal uridyltransferases 7 
(TUT7) enzyme. It is also observed that down-regulation of the TUT7 enzyme occurs conco-
mitantly upon CD4 T cell activation.21 However, not much is known about the association of 
proteins encoded by OSTF1 and LOC90768 with immune evasion. It would be worthwhile 
to study if these four identified genes are functionally involved in infiltrating CD8+ T cells 
in the tumors. 

 A deep learning model could be used to further strengthen the association be-
tween these four genes and CD8+ T cell abundance in silico. Schmauch et al. developed 
a deep learning model using a convolutional neural network (CNN) to predict mRNA ex-
pression levels from immunohistochemistry images of tumor biopsies.22 The structure of 
this CNN can also be utilized to infer the immunohistochemistry images of tumor biopsies 
using corresponding mRNA expression levels. If we use the mRNA expression profiles in 
this reverse structure of this CNN, we will obtain ‘inferred’ immunohistochemistry images of 
the tumor biopsies. After that, by lowering the weights of the four potentially causal genes 
from chapter 3, we can investigate the changes in the infiltration of tumors by tumor-infil-
trating lymphocytes.

 We used consensus-independent component analysis (c-ICA) to segregate the 
average expression patterns of complex biopsies into statistically independent compo-
nents. These statistically independent components can be used to identify different regula-
tory models for the mRNA transcriptome. Along with exploring transcriptional adaptation 
to CNAs, we used these independent components to identify statistically independent re-
gulatory factors and their transcriptional footprints enriched for metabolic processes.23 We 
can investigate the association between TACNA profiles from chapter 3 and the activities 
of these metabolic transcriptional footprints. These association levels can further reveal 
how the interaction between CNAs and the metabolic transcriptome results in drug sensi-
tivities, patient outcomes, and the composition of the immune tumor microenvironment.

Challenges in conducting association studies for rare cancers
There is a very limited number of mRNA expression profiles available for patients with rare 
cancers. As the patients are from studies conducted in different parts of the world, their 
mRNA expression profiles are often produced with different platforms.24 Due to this huge 
heterogeneity between platforms of the conducted studies for rare cancers, conducting a 
pooled study of transcriptomic association with treatment response is highly challenging. 
In chapter 3, we observed that the independent components obtained from Genomics of 
Drug Sensitivity in Cancer dataset (mRNA expression profiles of cell lines using microarray 
Affymetrix-HGU219) could be used to project the TACNA profiles from the TCGA dataset 
(mRNA expression profiles of patients using RNA-seq) with a high accuracy (mode of corre-
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lation coefficient = 0.61). Similar promising results from other datasets and platforms (e.g., 
GEO and CCLE) show that the projection of independent components is robust and works 
across platforms. This projection approach of independent components can help us fu-
rther to conduct pooled analysis for rare cancers. We hypothesize that the independent 
components obtained from a large set of mRNA expression profiles can infer expression 
levels of genes present in the current platform but not present in other platforms. First, we 
could obtain a set of independent components using a large set of mRNA expression pro-
files. After that, we would analyze only those genes present in the current data and the new 
data from a different platform for the projection approach. Using the projection approach, 
we can obtain the activity scores of the components in the samples from other platforms. 
These activity scores can be used to regenerate expression levels of genes present in the 
current platform but not present in other platforms. This could help us to harmonize mRNA 
expression profiles from many different platforms for further association studies.

 Another big challenge in association studies of rare cancers using mRNA expres-
sion profiles is overfitting due to the very low number of samples or the unavailability of 
clinicopathological information, which is even more scarce. If a panel of independent com-
ponents or transcriptomic footprints (TFPs) from a large set of mRNA expression profiles 
is obtained, the next step would be to use the ‘projection approach’ (discussed above) for 
obtaining the activity scores of the TFPs in the samples of the current study. As the total 
number of predictive TFPs would be much lower than the number of predictive genes, this 
projection approach would hopefully reduce overfitting and increase the robustness of the 
results from the association studies.

Use of transcriptional footprints in obtaining cohort of patients with distinct biology 
associated with worse overall survival (OS)
In chapter 5, we use the activity scores of the TFPs present in 1,125 expression profiles 
from five major epithelial ovarian cancer (EOC) subtypes and non-cancerous ovarian tissue 
to associate with the overall survival of patients. In our analysis, the cohort of patients with 
platinum-treated serous ovarian cancer (SOC) with the worst OS (15% of total) was charac-
terized by high TFP 121 activity. This TFP was enriched for gene sets related to neuronal 
development, such as neuron restrictive silencer factor (NRSF) target genes. We hypothesi-
ze that NRSF loss in ovarian cancer cells leads to brain-derived neurotrophic factor (BDNF) 
expression, activating tropomyosin receptor kinase (Trk) receptor signaling in both ovarian 
cancer cells and neurons. Inhibitors of Trk signaling may inhibit oncogenic pathway signa-
ling in cancer cells and intratumoral neuron infiltration, thereby indirectly reducing tumor 
growth. Phase I and II trials with TrkA, B, and C inhibitors are ongoing in patients with solid 
tumors, including EOC. Entrectinib (RXDX-101 or NMS-E628) is a potent, selective inhibitor 
of the tyrosine kinases TrkA/B/C that is currently being investigated in multiple phase II 
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studies.10,25 The responses after Entrectinib treatment indicate that NTRK1/2/3 (genes enco-
ding TrkA/B/C proteins respectively) rearrangements are clinically relevant drivers of onco-
genic growth.26 For further conclusions, results from phase III studies are awaited. Further 
investigations have to be performed to confirm a role for NRSF, nerve infiltration, and BDNF 
in EOC. One strategy to investigate the role of nerve infiltration could be exploring by stai-
ning neuronal markers in immunohistochemistry images of biopsies from EOC patients.

Improving gene function predictions using independent transcriptional components
Many genes do not yet have a defined function. Therefore, gene function prediction me-
thods remain an essential tool for researchers. In chapter 4, we utilized three large expres-
sion profile datasets generated with RNA-seq and microarray technologies and 16 gene set 
collections in a guilt-by-association strategy using c-ICA to predict functional annotations. 
The critical assessment of functional annotation is a famous benchmark of methods that 
use protein sequence data to predict gene functions via gene sets.27 Other data such as 
gene cross-species homology, protein-protein interaction, mRNA transcription, essentiali-
ty, and semantics can also be used to predict gene functions. 27,28,29,30,31,32 One limitation of 
using mRNA expression data is that some information about the gene function can only 
be found at the protein level using expression, interaction, or sequence data. In contrast, 
a major advantage of mRNA expression data is the greater number of publicly available 
profiles than protein experiment data. New methods such as embeddings and neural net-
works can identify complex relationships from protein and mRNA expression data, which 
might improve gene function predictions. For example, autoencoders, convolutional neu-
ral networks, and deep neural networks have also been used to predict gene function from 
the protein sequences directly.33,34,35,36 The latent nodes from middle layers of autoencoders 
or neural networks can be used to obtain barcodes followed by predicting gene functions 
using the GBA strategy. Information from thousands of publicly available whole slide ima-
ges from cancer samples can also be utilized to obtain latent nodes of the deep learning 
neural network HE2RNA to predict the corresponding mRNA expression profiles.22 After 
that, these latent nodes can again be used in the way mentioned above, hopefully impro-
ving gene function prediction by adding the information from the whole slide images. The 
recently developed embedding technique Uniform Manifold Approximation Projection 
has also been utilized to predict novel protein interactions when processing mRNA expres-
sion of different gene knockout experiments.37

 Predicted gene functions can be used to find commonalities in the functional an-
notations of a group of genes without the bias to well-studied gene sets that can occur 
with conventional GSEA. These predictions can also enable the prioritization of genes that 
may be more likely to participate in a biological process from a list of candidate genes 
obtained from an experiment. Currently, the co-functionality network is constructed using 
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absolute Pearson correlation between prediction scores of pairs of genes for all gene sets. 
The majority of the genes have very low prediction scores for a high number of gene sets. 
The Pearson correlation coefficients between any such pairs of genes can get affected due 
to numerous negligible prediction scores. The next step could be using rank-biased over-
lap to investigate the association between genes by putting less weight on low prediction 
scores.38 Finally, our unbiased clustering could be used to direct the future updates of gene 
set collections and the efforts for functional characterization of understudied co-regulated 
genes.

CONCLUSION

In this thesis, we used a large database of publicly available gene expression profiles to 
gain insight into how genomically unstable cancers acquire different cancer hallmarks and 
improve the biological interpretation of complex transcriptomic data. This has led to the 
generation of multiple hypotheses which require further study. In addition, the tools de-
veloped as part of this thesis will allow for the exploration of many novel gene regulatory 
networks. Ultimately, these findings could further improve patient outcomes in aggressive 
cancers with a high degree of genomic instability.
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