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INTRODUCTION
Cancer
Cancer is the leading cause of death in the Netherlands. In 2010, 44.000 people 
died of cancer, which amounts to 32% of all deaths [1]. In comparison, 29% of the 
deaths could be attributed to cardio-vascular diseases. While the number of people 
dying of cardio-vascular disease has declined by an impressive 65% over the last 60 
years [2], this has not been the case for cancer, unfortunately. Instead, the number of 
cancer deaths has increased. Since cancer primarily affects people that are 60 years 
or older (70% of all cancers), this can in part be attributed to the age distribution of 
the population. Nevertheless, this is an alarming statistic. The 10 year prevalence 
statistic, the number of people that are alive and were diagnosed with cancer during 
the last 10 years, is even more ominous: over 430.000 people alive today have or 
have had cancer in the last 10 years. On a positive note, the 5 year survival rate has 
increased to 59% (2004-2008), compared to 25% 60 years earlier [1,3]. 

Even though cancer statistics are reported over all types of cancers, it really 
is a blanket term for hundreds of distinct diseases. Cancer in its broadest sense 
is characterized by unregulated cell growth and invasion into surrounding tissue 
[4]. When cells no longer adhere to cell growth inhibitory signals, they will start to 
divide uncontrollably. When these cells invade nearby parts of the body, they will 
form malignant tumors. Some cancer cells can also migrate to other parts of the 
body, a process that is known as ‘metastasis’. The growth rate of a cancer and its 
rate of metastasis varies greatly for each cancer type and for each individual tumor.

Two of the most prevalent types of cancer are breast cancer and colon cancer 
(14% and 13% of all newly diagnosed cancers in 2009, respectively). Breast cancer 
is a type of cancer that originates from the milk ducts or the lobules in the breast. 
The overwhelming majority of breast cancers occur in women, but about 0.5% 
of cases are found in men as well [5]. The five year survival rate of breast cancer 
strongly depends on the type of breast cancer, but the average five survival rate 
in the western world is high (>85%) [6]. 

Colon cancer is commonly referred to in conjunction with rectal cancer as 
colorectal cancer. A recent large scale study found no significant differences 
between genomic alterations in colon and rectal tumors, lending further support 
to combining these two diseases [7] Colorectal cancer usually originates in the 
bowel lining. Five year survival rates depend on the specific characteristics of the 
individual tumor, but on average the survival rate is less than 60% [8].

Data collection
A tumor cell is derived from a normal, healthy cell that along the way lost the 
ability to control growth rate and proliferation and gained the ability to invade 
surrounding tissue. These ability changes can be initiated through a multitude of 
distinct aberrations. The DNA sequence of the cell could be damaged or changed, 
parts of the DNA could be deleted or amplified or epigenetic effects could have 
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led to altered mRNA gene expression. Since it is unknown beforehand what 
triggered tumorigenesis, it is important to study a tumor at different molecular 
and clinical levels. In this thesis analyses at the DNA (both at the single nucleotide 
and the structural level) and the mRNA level are presented.

In order to derive statistically meaningful conclusions from data analyses, it 
is important to include as large a sample size as feasible in each experiment. 
For optimal analysis tumor samples that were fresh frozen, i.e. snap frozen in 
liquid nitrogen straight after excision, are ideal. However, such material might 
not always be available. In fact, the majority of all tumor samples stored in tissue 
banks for future research were fixed in formalin and embedded in paraffin (FFPE). 
Analyzing these samples can be challenging, especially when the mRNA from 
these samples is to be studied.

Currently, RNA sequencing technologies enable the mRNA analysis of FFPE 
material. A few years ago those techniques were not available or prohibitively 
expensive, so alternative platforms appeared. In Chapter 1 we showed that one 
such a platform, the DASL platform, enabled the successful analysis of mRNA 
derived from FFPE samples by employing appropriate normalization steps. 
Normalization techniques can help to reduce a bias in samples, in this case a bias 
induced by the method of sample procurement. We showed that FFPE samples 
exhibit mRNA expression profiles that are comparable to profiles derived from 
fresh frozen samples. As an illustrative example, without normalization the fresh 
frozen and FFPE samples would cluster as distinct, separate groups, whereas after 
normalization almost all fresh frozen-FFPE pairs clustered together. The need 
for proper normalization was also clear in our later analysis of publicly available 
datasets that originated from different institutes. 

Heterogeneity
As is clear from the above, different cancers have different prognoses. However, 
even within a group of cancers derived from the same organ, like breast cancer 
or colorectal cancer, large differences can exist. Histologically, breast cancer can 
be classified as ductal, lobular, or as one of the special types [9]. Tumors of the 
ductal type form the large majority (up to 80% [9]) .Three major subtypes can 
be identified using immunohistochemistry: tumors that show estrogen receptor 
overexpression (luminal type), HER2 (Human Epidermal growth factor Receptor 2) 
overexpression (HER2-positive type) and tumors that do not show expression of 
either of these receptors (basal type) [10]. 

Through microarray gene expression analysis further subdivision of breast 
cancer subtypes can be achieved, resulting in Luminal A, Luminal B, HER2-
positive, Basal-like and Normal-like subtypes [11]. Luminal tumors form the most 
frequent group with about two thirds of all breast cancers being of this type, 
HER2-positive and basal-like both account for around 15% each [12]. While the 
Luminal and Basal groups show a large overlap between these two different types 
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of subtyping, the overlap for the HER2-positive tumors is much lower. Only 60% 
of the samples that were classified as HER2-positive based on immunostaining 
were classified as HER2-positive based on gene expression analysis. Chapter 2 
describes the differences and similarities between these two methods of breast 
cancer subtyping in detail. The five year prognoses for these distinct subtypes 
vary greatly, with basal-like tumors having the worst prognosis. However, the 
difference in survival for the different subtypes is reduced greatly after 15 years.

For colorectal cancer there are less well defined subtypes. As with breast 
cancer, tumors can be classified based on different methodologies. When tumors 
are classified based on their mutation frequency, micro satellite instable (MSI) and 
micro satellite stable (MSS) tumors can be identified. Through gene expression 
analysis, three different subtypes can be detected [13]Single Nucleotid. Recent 
studies have identified markers that can subdivide the described subtypes even 
further [14]. It remains to be seen what the impact of these new classifications will 
have on clinical practice.

It is also important to note that not only heterogeneity between tumors exists, 
but that also within a single tumor or different tumor sites within a single patient 
heterogeneity is present [15]. Cancer can be described as a Darwinian evolution 
of cells where the tumor cells that grow the fastest and are the most resilient to 
the environment will form the bulk of the tumor. However, this also implies that 
subpopulations of tumor cells exist within the tumor that are distinct from other 
tumor cells. These different cell populations can have different levels of resistance 
to therapy, which has important consequences for the treatment of patients [16].

Treating Cancer
Treatment for cancer can be local or systemic. Local treatment modalities affect only 
the tumor site and its direct surroundings while systemic treatment affects tumor cells 
throughout the body. Since most patients die of distant metastases, and not from the 
primary tumor mass, systemic treatment plays an important role in eliminating cancer 
cells that might have spread throughout the body. The downside of systemic treatment 
is that also normal, healthy cells in the body are usually affected. Local treatment 
includes surgery and radiotherapy. Systemic treatment includes chemotherapy 
and so called ‘targeted therapy’. Targeted therapy refers to treatments that target 
a specific property of the tumor cells. If normal cells do not harbor this property, 
the toxic side-effects of the treatment can be prevented. An example of a targeted 
therapy is the treatment of HER2+ breast cancer with the monoclonal antibody to 
HER2, trastuzumab. It targets the HER2 receptor, which is overexpressed in HER2+ 
breast cancer, and leads to increased response rates. Unfortunately, as a side-effect it 
can also lead to cardiac dysfunction in some patient groups. 

While targeted therapies can be very successful in eliminating cancer cells, most 
treatments will also affect healthy cells.  In this sense traditional chemotherapy is not 
any different, since it targets cells that show characteristics that are associated with 
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tumor cells, such as a high proliferation rate, but will also kill normal cells, especially 
cells that also have a high proliferation rate, such as cells in hair follicles. Systemic 
treatment can come either before or after local treatment. When it comes directly 
after local treatment, without any signs yet of distant metastases, it is called ‘adjuvant 
treatment’. Systemic treatment before local treatment is called ‘neoadjuvant treatment’. 
An advantage of neoadjuvant treatment over the more traditional adjuvant treatment 
is the ability to monitor response of the primary tumor to treatment, which can give 
insights into the efficacy of the treatment. In addition it can, in some cases, lead to 
better local treatment options in case the tumor volume decreases significantly, for 
example breast conserving surgery in the case of breast cancer. 

Complete eradication of all tumor cells will lead to a full recovery from disease. 
This is why early detection of cancer is important since the chance of tumor cells 
having spread throughout the body is lower and local treatment, for example 
surgical excision of the tumor mass, can cure the patient. When not all tumor cells 
are killed, there is a chance of tumor recurrence. Local and distant recurrence 
indicate whether the tumor recurrence is located at the original tumor site or 
somewhere else. When the recurrence is local, then a subsequent local treatment 
can be considered. However, if the disease has spread to distant sites, local 
treatment alone will typically not be enough if the intent is to cure the patient.

Personalized medicine
When a patient is diagnosed with cancer, a treatment plan is constructed. Most 
of the times this plan will include different treatment modalities. Local treatment, 
like surgery and radiotherapy, and systemic treatment, like chemotherapy and 
targeted therapy, will be considered. These considerations can be broken down 
into the question of who should be treated with a certain treatment modality and, 
subsequently, how the patient should be treated. Answering these questions is a 
complex process in which as much information as available is taken into account. 

Unfortunately, most often the decision will be based on incomplete information. 
For example, when a patient presents with a large ER-positive tumor, neoadjuvant 
chemotherapy treatment can be applied. However, it is known that most patients 
with an ER-positive tumor will not show complete tumor eradication by this treatment 
(only 3-7% will). Some patients will achieve a significant tumor volume reduction, 
but other patients will not receive any apparent benefit from this treatment while still 
experiencing the toxic side effects. The question of who to treat cannot presently 
be answered in this context, hence additional information is required. As was 
mentioned in the section on tumor heterogeneity, in breast cancer three distinct 
subtypes can be discerned based on immuno-histochemistry. We hypothesized that 
perhaps better response predictors could be constructed when such a predictor is 
trained on data originating from a single subtype as heterogeneity across subtypes 
is minimized. In Chapter 3 we investigated this hypothesis. More specifically, we 
investigated whether an mRNA based predictor of treatment response that was 
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trained on samples from a single subtype would lead to better classifications than a 
predictor developed based on samples from all subtypes together. From our results 
we concluded that this does not seem to be the case, implying that the subtype 
specific classification does not lead to better response prediction. In other words, 
we were unable to better identify ‘who to treat’. 

The above also implies that even within these distinct subtypes, considerable 
heterogeneity with regards to response to treatment exists. That is, there is 
no simple distinction between tumors that respond and tumors that do not 
respond to treatment. Rather, tumors that do not respond to treatment have 
different mechanisms of resistance. One of the consequences of this hypothesis 
is that traditional classification methods are unable to provide a high accuracy of 
response prediction. By employing a novel method (Chapter 4) that takes such 
heterogeneity in resistance mechanisms into account, we were able to identify five 
biomarkers of response, which are described in Chapter 5. While it is too early to 
bring these biomarkers into clinical practice, knowing which tumor characteristics 
are connected to non-response will bring us one step closer to truly individualized 
treatment and better informed decisions on who to treat. 

A novel implementation of an aCGH analytical method, described in 
Chapter 6, was used to study if it is possible to predict if a tumor will recur and 
if it will recur locally or at distant sites after local treatment of a colorectal cancer 
liver metastasis (Chapter 7). If it is known whether a distant recurrence is likely, 
the treating physician might opt to forego local treatment since the chance of 
increasing survival through such a local treatment is minimal. In other words, 
predicting the likelihood of a recurrence enables the physician to decide ‘who 
to treat’. This analysis is based on a person’s individual tumor and the focus 
of translational research in oncology is shifting towards such analyses. When 
treatment is fully based on the detailed and comprehensive analysis of a particular 
patient’s tumor, the likelihood of total tumor eradication will increase compared 
to a broad categorization of the tumor and subsequent general treatment plan.

The question of how to treat is equally hard to answer. When resistance to a specific 
treatment is predicted, it would be illogical to administer this specific treatment. 
Instead, alternative treatments should be considered. In other words, knowing 
the response profile of a tumor enables an accurate choice of how to treat. Again, 
biomarkers that indicate resistance to a particular treatment are highly desirable. In 
Chapter 8 we analyzed four sample pairs, one sample taken before treatment and 
one sample taken after treatment for each pair. We reasoned that tumor cells that are 
resistant to therapy will be enriched in the after treatment sample, compared to the 
before treatment sample. In this way we could identify mutations that were present in 
surviving tumor cells and thus can be linked to resistance to therapy.

Lastly, it is important to note that ‘resistance to therapy’ is often not a black-
and-white phenomenon. Especially when taken in the context of the whole tumor, 
a ‘resistant tumor’ could still be decreased in size which could enable additional 
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surgery options, for example breast conserving surgery. Also, even though imaging 
techniques are improving at a rapid pace, we cannot track what is happening to 
every tumor cell in the body. So, for example, a tumor that shrinks only 20% after 
chemotherapy treatment could be called ‘resistant’, but if circulating tumor cells 
are killed by the treatment, survival could be improved. Since breast cancer can 
recur even after more than 15 years, it takes a long time before the effect of a 
specific treatment on survival can be determined. A recent study showed that 
a complete response to therapy has a positive effect on survival -although not 
for all subtypes of breast cancer- but it is not clear how response and survival 
are related in other cases (for example a partial response) [17]. In other words: 
response to therapy is useful for measuring the effect of treatment on the main 
tumor mass, but does not tell the whole story of the effect of treatment. Even so, 
if a biomarker indicates a tumor to be resistant to a specific therapy, an alternative 
therapy will most likely yield better results, in terms of both response and survival.

Data analysis
Setting up the experiment and collecting the data is only half of the work, 
analyzing and interpreting the data forms the important second step in any 
scientific research effort. A plethora of analytical methods exists and is available 
for study in the current literature, but novel biological and clinical techniques and, 
subsequently, new types of data often call for new ways of handling and analyzing 
the available data.

This thesis presents two novel methods of analyzing data. The first is an 
implementation, with a number of improvements over the original, of an algorithm 
that enables the analysis of aCGH data without first having to discretize the data. 
Employing the continuously valued data means that no signal is lost, leading to 
more power for the detection of recurrent aberrations. This implementation is 
described in Chapter 6 and was used in the analysis described in Chapter 7. 

The second method, described in Chapter 4, was inspired by knowledge 
about the study context: the study of response to chemotherapeutic treatment. 
Traditional methods for mRNA group versus group analysis, like the t-test or the 
SAM procedure, assume homogeneity within the groups that are compared. 
However, in the context of resistance to chemotherapy it is more likely that 
multiple resistance mechanisms exist and, consequently, the non-responder 
group will be heterogeneous. Our method, DIDS, takes this heterogeneity into 
account and was shown to outperform all traditional methods in this context of 
non-homogeneity. In fact, it was the only method we tested that could identify a 
known marker of resistance in a genetically engineered mouse model experiment 
[18]. We applied DIDS to four different mRNA datasets and identified five marker 
genes of response to chemotherapy, which are described in Chapter 5.

Conventional methods have been around for a long time and will continue 
to play a role in many analyses. However, for specific research questions the 
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investigator will need to choose the optimal analytical method best suited for 
his particular dataset. In such cases more specialized methodologies can often 
deliver superior power and, subsequently, better results.

Improving patient care
The work described in this thesis spans multiple steps in efforts to better understand 
cancer biology. From analyzing the importance of proper data normalization 
(chapter 1) to the identification of biomarkers of response to treatment (chapters 5 
and 8) and development of classifiers of clinical response (chapter 7). The perspective 
on these aspects is mostly from a bioinformatics viewpoint, but extensive interactions 
with both biologists and clinicians show that understanding cancer requires intricate 
collaboration from multiple fields of research. Only when all disciplines are working 
together a true holistic understanding of cancer can be achieved.
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