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CHAPTER 1

MOLECULAR CAUSES OF CANCER
The adult human body consists of approximately 1014 cells1. Most of these contain the complete 
blueprint of the human body in the form of DNA (deoxyribonucleic acid), the molecules that 
hold the hereditary instructions. The DNA molecules in the nucleus of the cells are folded 
into 23 chromosome pairs. One chromosome of each pair is inherited from the mother, the 
other from the father2. The complete set of DNA present in a single cell is called the genome 
and consists of ~3 million basepairs. These basepairs are composed of four nucleobases: 
adenine (A), thymine (T), guanine (G) and cytosine(C). Genes are stretches of DNA that encode 
for proteins or non-coding RNAs. The human genome is estimated to contain approximately 
20,000 genes, all with a fixed location in the genome. Genes are either transcribed into RNA 
(ribonucleic acid), the RNA is transported out of the cell nucleus and translated into proteins or 
transcribed in non-coding RNAs (ncRNA) for example microRNAs (miRNAs), small nucleolar 
RNAs (snoRNAs) and long non-coding RNAs (long ncRNAs). This process is tightly regulated 
and controls many processes including cell growth, divisions and life span. 

Cancer is a disease caused by changes in normal cells such that they grow in an uncontrolled 
manner with the potential to spread and invade other parts of the body. In all cancer types 
these changes are genomic aberrations, involving changes in the DNA. These changes can be 
spontaneous, hereditary or caused by either infection (e.g. Human Papilloma virus3, Epstein-
Barr virus4) or environmental factors (e.g. smoking5, UV exposure6,). Generally, cancer does not 
develop as a consequence of one single genomic change but rather from multiple changes 
over time and through a Darwinian-like selection process. Cells with changes that provide the 
greatest growth advantage will grow out7-9. In other words, certain mutant genotypes confer a 
selective advantage on (subclones of) cells, enabling their growth and eventual dominance in 
a local tissue environment.

Although each tumor is unique, multiple features are shared by all tumors. The shared features 
are postulated as the “hallmarks of cancer” and comprise eight biological capabilities acquired 
during the development of human tumors7,8,10. These hallmarks are: sustaining proliferative 
signaling, evading growth suppressors, resisting cell death, enabling replicative immortality, 
inducing angiogenesis, activating invasion and metastasis and two emerging hallmarks: 
avoiding immune destruction and deregulating cellular energetics. Underlying these eight 
hallmarks are two enabling hallmarks: tumor-promoting inflammation and genome instability 
and mutation7,8. 

Genome instability has been called “the engine of tumorigenesis”10, and is a characteristic of 
most cancers. This instability results in a change of the number of DNA copies present in a cell. 
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Such quantitative DNA changes can have a direct effect on RNA expression and consequently 
on protein expression. Thus, knowledge of the changes in the DNA is essential in order to gain 
a profound understanding of tumorigenesis. 

GENOMICS AND CHROMOSOMAL COPY NUMBER 
DETECTION
Genomics is a discipline that analyzes the function and structure of genomes. As described 
above, changes in the genome are a driving force of cancer development10,11. These genomic 
changes in cancer can be qualitative (single nucleotide mutations and structural genomic 
aberrations), quantitative (chromosomal copy number aberrations (CNAs)) or epigenetic 
(chemical DNA modifications that do not alter the DNA sequence or number, but can modify 
gene expression). The full scale of qualitative changes in the cancer genome has only emerged 
in recent years with the development of high throughput genome wide-techniques such as 
microarrays and next generation sequencing. Many of the larger quantitative changes, or CNAs 
have been analyzed on a routine basis, starting with karyotyping in the 1960’s1,12 followed by 
fluorescence in-situ hybridization (FISH)2,13 and comparative genomic hybridization (CGH)14 
and more recently with microarrays3,15-18 and sequencing techniques4,19,20. 

The CNAs observed in the tumor genome have proved not to be random5,21. Many observed 
genomic aberrations affect known cancer-related genes6,11,22-24. Classic examples in solid 
tumors include high-level gain of oncogenes such as ERBB27-9,25 and c-MYC7,8,10,26 and 
inactivation of tumor suppressor genes such as PTEN and CDKN2A7,8,27,28. These gains or 
losses might provide the cells a selective growth advantage10,29. Due to the extensive genomic 
instability the copy number of hundreds of genes in a single cancer genome may be altered. 
The question is which of these genes actually contribute to cancer and how10,11,30. The genes 
that matter for tumor growth are referred to as driver genes. In contrast, passenger genes 
would not convey a growth advantage despite being gained, lost or otherwise mutated. The 
separation of driver genes from passenger genes remains a challenge. 

Array comparative genomic hybridization (arrayCGH) and single nucleotide polymorphism 
(SNP) chips are commonly used methods to detect quantitative chromosomal aberrations16,17 
The increase in resolution of these platforms through technical advances have yielded new 
insights into small CNAs of only several Mb in length, previously undetected or erroneously 
classified as outliers27,31. These so called focal chromosomal CNAs harbor only a limited 
number of genes and thereby aid the identification of drivers in a cancer genome. Leary et al. 
proposed in 2008 that the evolutionary pressure combined with the small genomic footprint 
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of focal CNA provides an excellent opportunity to detect potential new driver genes27. This 
hypothesis is the basis of this thesis. The current state-of-the art of focal CNAs is described 
in more detail in Chapter 2 of this thesis; “Focal chromosomal copy number aberrations in 
cancer-Needles in a genome haystack”. 

The introduction of arrays and next-generation sequencing has had practical consequences 
for genome research. Data analysis has become increasingly demanding and together with the 
availability of large datasets led to a true renaissance of bio-informatics and -statistics. 

THE NECESSITY OF BIOINFORMATICS IN GENOME 
RESEARCH
Bioinformatics is an interdisciplinary field combining computer science, statistics, mathematics 
and engineering32. With the emergence of genomic techniques pre-processing, analysis and 
interpretation of genomics data is becoming more demanding33-35. Bioinformatics has become 
an integral part of (molecular) biology through which huge volumes of data are converted into 
biological knowledge.

The role of the genome bio-informaticians and –statisticians is to develop algorithms, 
dedicated tools and software that allow biological interpretation from genome data37. The 
ultimate goal of cancer bioinformatics is to translate genome research back to the benefit of 
the patient, amongst others by identification of targets for personalized, anti-cancer therapies 
or biomarkers for early detection or prognosis36. 

In the past years, huge efforts have been made to map the genomic changes in large datasets 
of cancer samples from multiple cancer types. The largest projects are ‘The Cancer Genome 
Atlas’ or TCGA38,39 and the ‘International Collaboration for Clinical Genomics’ or ICGC40. 
Besides cancer-specific projects, genomic variation as measured in germ-line samples are 
mapped by projects such as the HapMap41 and 1000 genomes project42. The availability of 
these datasets to the research community facilitates new discoveries and can be used to 
validate discoveries made in other datasets. 

Although many software tools for genome research have already been available there is still 
a demand for new bioinformatics tools for specific applications and new techniques. For the 
development of these tools many programming languages are in use (e.g. C##, Java, Perl, 
Python) but one stands out; the open-source statistical programming language R, http://
www.r-project.org/. ‘R’ has become the academic standard in the analysis of genomics data 
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since it is intuitive and relatively easy to use. R is excellent for plotting graphics, analyzing 
data, and fitting statistical models. The popularity of R comes in part from the high quality and 
maintenance of the open-source project Bioconductor (www.bioconductor.org). This project 
aims to share statistical and graphical methods for the analysis and comprehension of high-
throughput genomic data and is primarily based on R. The functional scope of the software 
packages in Bioconductor includes the analysis of array sequence and other biological data.

In all Chapters of this thesis data analysis has been performed in the statistical programming 
language R with use of Bioconductor packages33,34,43. In Chapter 5 one new R package is 
introduced called focalCall, which is aimed at the identification of focal chromosomal CNAs. 

AIM AND OUTLINE OF THE THESIS
Focal CNAs provide an excellent opportunity for the identification of cancer driver genes. 
The aim of this thesis is to investigate the clinical and biological relevance of focal CNAs. To 
answer this research question the technical challenges and limitations to detect focal CNAs 
are investigated. 

The current state-of-knowledge of focal chromosomal CNAs 
A review of the current literature on somatic focal chromosomal copy number aberrations 
(CNAs) is provided in Chapter 2. This chapter describes the technical advances that led to 
the discovery and the extent of focal CNAs in human cancer. Chapter 2 furthermore advances 
a definition for focal CNAs, describes different bioinformatic strategies to identify these and 
elaborates on their clinical and biological relevance. 

Detection of focal chromosomal CNAs in cancer
Technical progress in the detection of focal CNAs is described in Chapter 3 and Chapter 4. 
Three commercially available arrayCGH platforms are compared in Chapter 3 for their power 
to detect focal CNAs. The array platforms were selected based on the fact that they are all three 
suitable for the analysis of DNA isolated from formalin-fixed, paraffin-embedded (FFPE) archival 
tissue. In addition, the minimal amount of input DNA was tested. Chapter 4 describes the 
sensitivity to which arrayCGH can detect DNA copy number aberrations in heterogeneous cell 
populations. The limits in detecting large CNAs and focal CNAs are described, with decreasing 
amounts of aberrant DNA in the initial sample population. 
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Chapter 5 introduces the software tool FocalCall. The method allows identification of small 
copy number aberrations and distinguishes somatic aberrations from germ line copy number 
variants (CNVs). The method has been implemented in the open-source software R. 

Biological and clinical relevance of focal CNAs
Chapter 6 and 7 describe the biological and clinical relevance of focal CNAs in two cancer 
types. Chapter 6 describes 2 genes functionally involved in HPV-induced carcinogenesis by 
analysis of focal CNAs in high-grade cervical intraepithelial neoplasia (hgCIN). In Chapter 7 
DNA copy number data is applied to dissect the differences between Nodal marginal zone 
lymphoma, t(14;18)-negative Follicular Lymphoma, localized t(14:18)-positive Follicular 
Lymphoma and disseminated t(14;18)-positive Follicular Lymphoma. Analysis of both large as 
well as small focal CNAs shows distinct differences between the lymphoma subgroups. 

Chapter 8 provides a summary of all studies presented in this thesis. 
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