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DISCUSSION
Introduction
In the previous chapters we have looked at how different data types (DNA copy 
number data, DNA sequencing data and mRNA expression data) can yield insights 
into different diseases (breast cancer and colorectal cancer) through existing 
(PAM, hierarchical clustering among others) and novel (KC-SMARTR, DIDS) 
analytical techniques. In each chapter, different points in the analytical pipeline 
have been described: from data normalization (Chapter 1), through identification 
of biomarkers (Chapter 5), to an actual classifier (Chapter 7). Each step in this 
process is as important as the previous or next step and all share the common 
goal of improving cancer health care. 

Of course, there are many avenues of research that share this goal that have 
not been highlighted in this thesis. For example, the use of model organism 
remains an important aspect of deciphering cancer cell behavior and origin. Still, 
the novel techniques we presented can also play a role in such research, as was 
eluded to in Chapter 4 where we showed that DIDS outperformed traditional 
analytical methods in analyzing data derived from a genetically engineered 
mouse model (also see Rottenberg et al.[1].

In the end, all of the separate types and aspects of research will need to 
be combined in order to make a meaningful contribution that can be applied 
in the clinic. Detailed knowledge of biological concepts, and this is especially 
true for cancer, cannot be completely understood in isolated terms, implying that 
a holistic approach is necessary. Still, such a holistic approach is fueled by the 
compartmentalized research blocks of which it is made up. Since it is easy to get 
lost in small details and intricacies of each smaller research block, identifying the 
core components of each block and taking these to a higher, more holistic level, 
is key in making progress.

In the following sections we will focus on the core concepts that underlie the 
work presented in this thesis. Specifically, we will discuss the role of heterogeneity 
in understanding cancer biology, how different data modalities can complement 
each other, how and when novel bioinformatics techniques can be applied 
optimally and finally how research efforts can improve clinical care.

Heterogeneity
In this thesis we discussed two important concepts of heterogeneity: 
heterogeneity between different tumors (inter-tumor heterogeneity; Chapter 5) 
and heterogeneity within a tumor (intra-tumor heterogeneity; Chapter 8). Inter-
tumor heterogeneity has been studied quite extensively before [2-5] and in 
Chapters 2 and 3 we expand upon existing knowledge. 

A first distinction that can be made about different tumors is the tissue of 
origin. While breast cancer and colorectal cancers are both called ‘cancer’, both 
have different cells of origin and, importantly, also different factors that contribute 
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to tumorigenesis. But inter-tumor differences do not end there. In fact, breast 
cancer can be divided into distinct molecular diseases that have different cells of 
origin [6] and different clinical behavior. By determining estrogen receptor (ER) 
and HER2 expression through immunohistochemistry we can classify breast tumors 
into three subtypes: ER-positive, HER2-positive, and ER and HER2-negative 
(this last subtype is also called the ‘triple negative’ subtype if the progesterone 
receptor is not expressed either, which is the case in >95% of the cases without 
ER expression). Alternatively, mRNA gene expression can be employed to classify 
breast tumors. This method defines five different subtypes: Luminal A and Luminal 
B, which largely overlap with the ER-positive subtype, the basal-like subtype, 
which largely overlaps with the TN subtype, the HER2-like subtype, which shows 
a moderate overlap with the HER2-positive subtype, and, lastly the normal-like 
subtype which does not correspond to any immunohistochemically defined 
class and has been suggested to indicate tumor samples with a large portion of 
non-tumor content (i.e. non-malignant tissue, for example immune related cells 
and pre-existing tissue). In Chapter 2 we show that, with the important exception 
of the HER2-positive subtype, these two different methods arrive at overlapping 
classifications. However, since there is no standard way of classifying samples 
based on mRNA [7] we focused on the clinical classification in further analyses. 

These three clinically (i.e. immunohistochemically) defined classes have 
different prognoses [8] and some drugs only work in specific classes (for example, 
trastuzumab, a mono-clonal antibody that targets the HER2-receptor, only shows 
efficacy in HER2-positive disease). As we showed in Chapters 2 and 3, the different 
subtypes also respond differently to chemotherapeutic treatment, i.e. ER-positive 
disease rarely achieves a complete response after 6 cycles of chemotherapy, 
while TN disease achieves a complete response in about 45% of the cases. In 
Chapter 3 we investigated whether classifiers of response that were trained on 
a single subtype would result in improved outcome prediction, compared to a 
classifier that was trained on all subtypes combined and evaluated on a particular 
subtype. Unfortunately, these subtype specific classifiers did not improve 
prediction performance. This implies that, while there are marked differences 
between the different subtypes, the bigger sample size of all subtypes combined, 
compared to the sample size of a single subtype, outweighs any advantages 
gained from training on a more homogeneous group of samples (i.e. more 
homogeneous in terms of subtype classification). Importantly, it also suggests 
that mechanisms of non-response are shared between different subtypes. That 
is, if mechanisms of resistance were completely different in different subtypes, 
then combining subtypes (as was done for the classifier trained on all subtypes 
combined) would not increase the effective sample size. Instead it would just 
add noise when response in a specific subtype is to be determined (note that the 
performance of this generic, non-subtype specific classifier was evaluated on each 
subtype separately). This noise, in turn, would lead to worse performance of the 
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generic, non-subtype specific classifier. Since the performance of the predictors 
trained on all subtypes did not perform worse (and in some cases even better) 
than specific predictors, we can tentatively conclude that some predictive signal 
is preserved over different subtypes. 

Another important concept to note is that, even within these distinct subtypes, 
further heterogeneity exists when it comes to response to therapy. That is, some 
triple negative tumors achieve a complete response (i.e. 40%), but other triple 
negative tumors hardly respond at all. Combined with the fact that no predictor 
could achieve high response prediction accuracies, this implies that not all triple 
negative tumors are equal (and the same goes for the other subtypes).

Both of these notions formed the basis of the work described in Chapters 4 
and 5, where we developed and applied a novel method for the detection of 
biomarkers of resistance to therapy. Conventional methods, like the t-test, are 
very good at detecting differences in means between two groups, relative to 
the variance observed. However, if a resistance mechanism only occurs in 10% 
of all non-responders within a group of samples, the mean difference between 
all responders and all non-responders might still be relatively small. Features 
with this heterogeneous pattern type will achieve a lower t-test score compared 
to features that show patterns that are distinct between the two groups but 
homogeneous (i.e. shared) within a group. 

Given our previous observations it is likely that multiple distinct resistance 
mechanisms exist. The methodology that we developed, DIDS, was designed 
specifically to detect such heterogeneous mechanisms, i.e. patterns that only 
occur within a relatively small subset of all samples. Given that such mechanisms 
might occur in different subtypes of breast cancer, we pooled all HER2-negative 
tumors that received a similar treatment that we had available at the NKI and 
ranked all genes by their DIDS score. Next we collected three large, publicly 
available datasets from other institutes and overlaid the DIDS candidates from 
those sets with the NKI set. Even though we combined ER-positive with ER-
negative tumors and the patients in the different cohorts received different types 
of chemotherapy, this resulted in the identification of five candidate biomarkers 
for poor response to chemotherapy (SLC26A3, SERPINA6, BEX1, AGTR1 and 
LAPTM4B). Given the differences in treatment regimens and breast cancer 
subtypes this implies that these genes are markers of a general lack of sensitivity 
to chemotherapy. That is, the mechanisms that these genes are markers for are 
not specific to a particular treatment or a particular subtype. So, even though 
some tumors might be clearly distinct from each other, both at the clinical and 
the molecular level, some mechanisms of resistance might be common between 
these tumors. Further follow-up on these five biomarkers will shed light on the 
role these genes play in the response to treatment. 

The DIDS methodology itself could be extended to not only handle different 
types of data (such as aCGH or protein measurement data for example), which 
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is relatively straightforward, but also to analyze the effects of combinations of 
genes. For example, it could be that slight overexpression of two different genes 
would be responsible for non-response to treatment, which would be missed by 
the current DIDS implementation. A heuristic filter to limit the computational 
demands combinatorial analyses can take would be required, but simply filtering 
on the single gene DIDS scores might very well suffice for this goal. 

Intra-tumor heterogeneity was not taken into account in the chapters we 
described above. Even though it is important to take a holistic approach when 
trying to understand a biological concept such as resistance to therapy, most often 
it is not feasible to include all aspects of a specific problem in a single study. In 
Chapter 8 we discuss the heterogeneity that can be found within a single tumor. 
Specifically, we were interested in studying the clonal outgrowth of resistant tumor 
cell populations under the selective pressure of chemotherapeutic treatment. 
We collected samples from tumors before and after treatment from four different 
patients. In order to enrich for the clonal outgrowth phenotype we employed MRI 
data to select those tumors that initially responded well to treatment (interpreted as 
elimination of tumor cell populations that were sensitive to treatment), but showed 
little to no response during the second half of the treatment course (interpreted 
as survival, or even outgrowth, of resistant cell populations). By comparing the 
mutational landscape of these paired samples we identified mutations that were 
enriched in the after treatment samples. Without functional validation it is not 
possible to know the exact role each of these candidates play in resistance, but it 
is tempting to speculate that the survival of specific clones is related to the specific 
mutations that these clones harbor. Including more samples in a study like this will 
also reveal how distinct, and how frequent, resistance mechanisms within patients 
are within a certain population. Even so, this pilot study revealed interesting 
hypotheses which could be further tested in the lab. 

What emerges from the studies described above is that it is far from easy to 
classify tumors into distinct and homogeneous classes. Along one axis, for example 
hormone receptor expression, tumors can be classified such that the different classes 
have different prognoses. Along another axis, for example biomarker expression, 
tumors can be classified into tumors that are unlikely to respond to chemotherapy 
and tumors that have a higher chance of responding. Since these classifications 
are non-overlapping, it depends on the context which classification is preferred. 
It will be very interesting to see if any single, universal classification exists at all, 
that is: a classification that encompasses highly similar tumors that show similar 
characteristics are virtually all clinical and molecular characteristics. 

It might turn out that, by classifying over a large number of axes, each tumor 
will form its own, individual class. If that would be the case, the challenge will be 
to either completely understand what the implication of each axis is, or to build a 
comprehensive catalogue of all possible classes and determine proximity to each 
such a class when confronted with a new tumor. For example, when a new tumor 
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sample is procured, it could either be analyzed by investigating known, and well 
understood, pathways to determine its resistance profile. A different possibility 
would be to calculate the proximity of this new sample to a catalogue of samples 
and the resistance profile could in that case be determined by the resistance profile 
of the, previously analysed, sample that is most similar to the new sample. In the 
first case, complete biological characterization and understanding of each axis (for 
example, hormone receptor or biomarker expression) will be necessary, along with 
knowledge about interactions of different axes, in order to arrive at meaningful 
predictions of who and how to treat, a difficult and time consuming task. 

Given the enormous reduction in analytical costs and the increase in availability 
of tumor material (through efforts such as the cancer genome atlas (TCGA) and the 
international genomics consortium (IGC)) the catalogue option seems the more 
approachable and realistic in the short term. Better yet, such a catalogue could 
aid in directing functional follow-up experiments by prioritizing comprehensive 
analysis of samples that belong to large clusters of proximal tumors. Eventually, 
this could then help in understanding the underlying biology.

Combining different data sources
A frequently required form of combining different data sources is the integration 
of similar biological data that were procured through different technological 
procedures. In Chapter 1 we showed that mRNA data derived from fresh frozen 
tissue on the one hand and formalin fixed paraffin embedded (FFPE) tissue on the 
other hand can be combined for joint analysis. However, proper normalization is 
essential for the successful integration of data from different origins. Testimony 
to this is the fact that if we forego normalization, a hierarchical clustering would 
show two distinct clusters, each one completely consisting of samples from a 
single tissue type (i.e. a cluster consisting of the samples that were fresh frozen 
and a cluster of the samples that were FFPE, even though the samples were 
derived from the same patients). In this case our normalization worked very well 
and we actually know it worked well since we knew what the results of the analysis 
should be (i.e. clustering of fresh frozen and FFPE sample pairs). Of course, this 
is not usually the case and it can be difficult to ascertain whether a normalization 
strategy works for a particular dataset. 

In Chapter 5 we chose a different strategy for data integration. Instead of 
normalizing each mRNA gene expression dataset, we analyzed each dataset separately 
and then combined the results. In this way no normalization of the data is necessary 
since we, in essence, discretize the data to an interchangable format, i.e. ranks of 
genes. We chose to use this strategy since it bypasses the difficulties of interplatform 
normalization and for our purposes, i.e. biomarker discovery, this strategy works well. 
When these biomarkers are further validated and will be combined into a clinically 
applicable classifier and, subsequently, the absolute levels of expression for each 
gene matter, a robust normalization strategy will be required. Alternatively, a specific 
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platform could be chosen as the clinical classifier platform, in that case no between-
platform normalization is required (since there is only one type of platform) and only 
between array normalization would need to be performed.

A first step towards the holistic understanding of cancer is the process of 
combining multiple biological data sources (i.e. data derived from different molecular 
levels). Integration of different data modalities can lead to a synergistic increase in 
knowledge. This increase in knowledge can arise from reinforcing or filtering results 
from a single data source through the use of another data source. For example, 
mRNA overexpression of a particular gene and amplification at the DNA level of the 
same gene might not be statistically significant on their own, but by combining the 
two data types the confidence in this observation is increased. Conversely, if a certain 
biological pathway is affected at multiple molecular levels (for example at the mRNA 
and at the DNA sequence level), the different data modalities can complement each 
other. For example, if a pathway consists of multiple distinct genes, it might be that 
some genes are affected at the mRNA level, while some other genes are affected at 
the DNA level. In this thesis we have not focused on data integration. However, the 
biomarkers identified at the mRNA level (Chapter 5) could be combined with previous 
results from aCGH analysis (i.e. BRCA2-like tumors are more likely to respond to 
standard chemotherapy; [9]) and the genes identified through our sequencing efforts 
could provide additional response classification power. With the huge amount of data 
becoming available, integration of all the different types of data will be important to 
optimally extract the knowledge from these data. 

In a recent TCGA study on colorectal cancer we employed relatively 
straightforward integration techniques, which involved discretization of each data 
type, followed by knowledge driven analysis [10]. That is, known pathways were 
analyzed for aberrations across data types. In this way each data type contributes 
to the assessment of a pathway (i.e. misregulated or not). This simple approach 
proved to be quite powerful, leading to the identification of IGF2 which turned out 
to be deregulated at the copy number, mRNA and miRNA level. In addition, PIK3CA 
mutations and PTEN deletions were mutually exclusive with IGF2 overexpression, 
suggesting an interplay between these different genes. More elaborate methods 
might extract even more hidden relationships between different genes and 
pathways, but simple approaches have the added benefit of easier interpretation 
of results. In turn, this facilitates the setup of follow-up experiments.

The role of novel bioinformatics algorithms and software
A pubmed search for ‘bioinformatics’ returns over a hundred thousand results. 
This is by no means an accurate estimate of the number of computational 
tools and methodologies that exists. It does, however, indicate the enormity of 
computational efforts in biology. The question then arises what the role of all these 
tools is. Should there be a different piece of software for each biological question? 
Many biological questions can be answered using standard methodologies that 
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have been proven to be statistically optimal, given, of course, that the question 
fits the domain of the method. Precisely there lies an interesting dilemma: when is 
a (biological) question too far removed from the domain of a particular method to 
warrant the creation of a novel method. And, related to that, how much additional 
knowledge will, for example, a power increase of 1% deliver. 

Both of these questions are not easy to answer. Ironically, both the KC-SMARTR 
method (Chapter 6) and the DIDS method (Chapter 4) got precisely these types 
of reactions from reviewers. For convenience, the issue can be divided into two 
separate issues: 1.) is this novel method better than traditional methods and 
competing methods; 2.) how much of an improvement does the novel method 
provide over existing methods and is that ‘enough’. It is important to realize that 
there exists no single method that is optimal in every scenario. Consider for example 
the t-test. It is optimal for detecting a difference in means, if the distributions of 
the samples included in the analysis follow a normal distribution. The further the 
distributions are from this assumption of normality, the lower the performance of 
the t-test. After sufficient deviation from the original assumption, the t-test is no 
longer the optimal test, but, for example, the Mann-Whitney test might be optimal. 
Requiring superior performance over all possible scenarios is an unrealistic goal.

Keeping this in mind, the question of superiority over existing methods 
becomes more subtle: is the novel method superior in a relevant number of 
scenarios. The term ‘relevant’ can be quite subjective of course, but this question 
will lead to a more meaningful answer than answering the general question ‘is this 
method better’. In Chapter 4 we describe the DIDS method, which outperforms 
the t-test and the Mann-Whitney test in case of heterogeneity within one of the 
two groups involved in a comparison. We argue that this is a relevant scenario 
since we hypothesize that heterogeneity in resistance mechanisms is highly likely. 
There are most definitely scenarios where DIDS is outperformed by the t-test. 
It depends on the objective of the researcher and his or her specific biological 
question which methodology is preferred. 

The second part of the question is a bit easier to answer: given a specific scenario 
for which a number of more-or-less similar methods exist, which method gives the 
best overall performance. Clearly DIDS outperformed the other methods, even 
though a small percentage of the scenarios showed better results for a competing 
method. By how much a novel method should outperform existing methods to 
be considered ‘better’ is harder to answer. A simplistic answer would be that 
any performance gain would lead to the method being preferred over existing 
methods. A slightly more elaborate answer would be that the method should be 
better in terms of a performance measure that is relevant to the research question 
to be answered (i.e. in most cases: do I gain more knowledge from my data if I 
employ this method). Of course, practical issues such as ease-of-use, ease-of-
interpretation and running time play an important role as well, but we will leave 
those out of the equation in this discussion.
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In summary, a novel method yields a useful contribution to the field if: 1.) 
there are scenarios in which it performs better than alternative methods; 2.) the 
scenarios in which it performs better are relevant for the questions researchers 
might have and 3.) the measure by which the performance is measured is relevant 
for the question (i.e. an increase in performance should lead to a better answer to 
the question). This implies that, as long as the creator of a novel method can prove 
that the method performs better in a specific and relevant context, it should be 
considered a valuable contribution (although, as mentioned before, other factors 
such as ease-of-use and computational performance do play an important role).

That being said, bioinformatics can play a very important role in biology, 
even without the development of novel methods. In Chapter 3 we show that 
classifiers of response to chemotherapy that were trained on a specific breast 
cancer subtype do not, in general, outperform classifiers that were trained on data 
from all subtypes combined. We employed standard methodologies that have 
been described in literature before [11,12]. Still, accurate application of these 
methodologies requires knowledge about the domain and is non-trivial. In the 
end, bioinformatics is a tool and the ultimate objective in cancer research should 
be to understand the biology of cancer. Whether this is through a novel method 
or through existing methods should be irrelevant. Ideally, in terms of efficiency, a 
novel biological question should be approached with a standard toolkit, and only 
if this toolkit fails or significant improvements to this toolkit are clearly envisioned 
should research be devoted to the development of new strategies and methods.

Research and clinical care
Current bench-to-bedside timelines are disappointingly long. Recent examples 
include the development of trastuzumab as an anti-HER2-positive cancer 
treatment, which was discovered about 10 years before FDA approval and the 
prognostic tool mammaprint, which was cleared by the FDA 5 years after discovery, 
although its implementation into clinical practice is still ongoing, 5 years after FDA 
approval. The reason for this long period between discovery and implementation 
is the need for extensive efficacy and safety testing. This is paradoxically especially 
problematic for drugs and diagnostic tools that deal with diseases with a high 
survival rate. If the effects of a new drug can only be fully measured after 10 years 
of follow-up, it is likely that the drug will be out-dated and superseded in efficacy 
by newer drugs (that might also have a 10 year follow-up test).

In order to shorten the time to clinical application, several measures can 
be taken. In Chapters 1, 2, 3, 5, 7, and 8 we focused on samples derived from 
cancer patients. While in vitro and in vivo model organism research will remain 
an essential part of biological research, the shortest way to the bedside is to start 
with patient derived material. When an association is found between a biomarker 
and a clinically relevant characteristic, such as prognosis or response to treatment, 
clinical implementation could be relatively straightforward. In practice this is not 
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always the case, as evidenced by the clinical uptake of mammaprint, but hopefully 
the adaption of novel techniques will be a smoother process once the healthcare 
system gets used to the new, faster pace of technological progress. Of course, 
this only works for diagnostic utilities since safety assessments of drugs will always 
need to be performed in a rigorous fashion. 

A second important way through which the development of novel clinical tools 
and treatments can be sped up is to come up with alternative end-points. Even 
though the true effects of a novel treatment might only be assessable after 10 
years, it might be possible to define surrogate end-points that are related to the 
10 year effects. For example, in Chapters 2, 3, and 7 we employed data derived 
from patients that were treated with chemotherapy before local treatment, surgery 
in this case, so-called neo-adjuvant treatment. For these patients it was possible 
to monitor the response to treatment during the 6 cycles of treatment. As imaging 
techniques improve, monitoring of response will become more accurate and 
might even be employed to image microscopic sites of tumor formation. Tracking 
microscopic disease will enable better diagnosis, as well as reliable response 
monitoring. It is likely that such detailed follow-up on disease progression will 
be far more informative than the ‘black-box’ 10 year survival rate, even enabling 
‘reactive’ treatment selection in the process (i.e. continuous adjustment of 
treatment based on the response profile).

Another important issue is how a novel diagnostic technique, such as the 
biomarkers presented in Chapters 5 and 8 for breast cancer and in Chapter 7 for 
colorectal liver metastases, can be used in the clinic. For the colorectal case this 
appears clearer, given that the research setting and associated clinical question 
were tightly linked. If a distant recurrence is predicted to be likely by the predictor, 
invasive local treatment associated with significant potential morbidity appears to 
be non-beneficial for the patient. Still, the question of how high the chance of a 
distant recurrence should be in order to forego local treatment is difficult to answer. 

For the breast cancer case this is a harder problem. If biomarker expression indicates 
incomplete response to treatment, this does not mean that the tumor will not react at 
all. In fact, in some cases 90% of the tumor might be eradicated. Clinically speaking 
this could be considered a successful treatment and there would be no reason to 
forego treatment. One might consider to then only focus on biomarkers that indicate 
poor response, but the problem then shifts to defining what exactly constitutes a 
‘poor response’. Progressive disease only occurs in rare cases, most tumors exhibit 
at least some response to treatment. It is currently unclear when chemotherapeutic 
treatment should be withheld. This is why we focused on discovering biomarkers of 
non-response, which will hopefully lead to insights into why tumors with aberrant 
expression of these markers never show a complete response. This knowledge could 
then lead to candidates for new drugs and better classifiers of response. 

Ultimately, one would hope to be able to fully predict the response to a range of 
drugs and then select the most effective treatment for a specific tumor. This would 
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correspond to having virtually complete knowledge, given the tumor and available 
treatments. Today, this remains a hope for the future and we will have to deal with 
incomplete knowledge for the foreseeable future. Through robust and innovative 
research it will be our challenge to add bits of knowledge that will, maybe not 
completely but at least partly, assist physicians in their decision making process.

CONCLUSION
The work described in this thesis spans two different diseases, two novel methods, 
three different data types and five different research contexts. The core question, 
however, for each of these studies has been the same: how can we improve 
patient care. A patient with a liver metastasis wants to know if surgical ablation 
will increase his chance of survival (Chapter 7), a patient with a specific subtype 
of breast cancer wants to know if chemotherapeutic treatment will be beneficial 
(Chapters 2 and 3), a patient with a breast tumor over expressing certain genes 
will wonder what this implies for her treatment plan (Chapter 5) and a breast 
cancer patient will ask what the identification of a particular mutation in the DNA 
of her tumor implies for her treatment plan (Chapter 8). Each of these patients 
may benefit from an increase in knowledge and a better understanding of the 
tumor biology that is required to answer these questions. 

Each researcher will be able to build upon the knowledge gained by previous 
researchers. Breakthrough experiments can give an impulse to research every now 
and then, but the driving forces of research are the small insights and incremental 
experimental results. This thesis represents a number of small steps that will 
hopefully lead to a better understanding of cancer biology in general and a better 
handle on the clinical manifestation of cancer and the heterogeneous nature of 
tumor cells specifically.
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