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Analyses of Gene Expression Patterns in 

Colon Cancer Patients 

 

Elin V. Falk 

Civilingenjörsprogrammet Bioinformatik 

 

Sammanfattning 

 

Tjocktarmscancer var en av de vanligaste cancerrelaterade dödsorsaken i Storbritannien 

under 2004. Tjocktarmscancer är i många fall svår att hitta, framförallt i ett tidigt skede 

och är dessutom svår att bota. Cancer bildas troligen genom att det sker förändringar 

(mutationer) på vissa positioner i genomet som sedan i sin tur påverkar andra funktioner 

i cellen. Det kan till exempel påverka hur ofta en gen läses och därmed mängden av den. 

 

Målet med detta arbete var att analysera om det finns något samband mellan mängden 

av olika gener och om patienten har en mutation i BRAF-, KRAS- eller PIK3CA-genen. 

För denna analys användes en metod, support vektor maskin, som utifrån mängden av 

generna bestämmer om patienten har en mutation eller inte. Resultatet jämförs sedan 

med verkligheten för att bestämma hur bra support vektor maskinen var på hitta de 

muterade patienterna. 
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Chapter 1: Introduction & Literature Review 

Colon cancer was ranked top three for both cancer incidences and cancer caused 

mortality in UK, in 2004. Over 23500 incidences and 10400 deaths related to colon 

cancer were registered. The measurements includes both sexes and all ages, but non-

melanoma skin cancer is excluded from the ranking (Office for National Statistics, 

2006; Information Service Division, 2007; Northern Ireland Cancer Registry, 2008; 

Welsh Cancer Intelligence and Surveillance Unit, 2007; Office for National Statistics, 

2005). Due to the high number of affected persons, it is important to find an efficient 

way of detecting colon cancer and good treatments for the patients. This project focuses 

on the question if there is any detectable difference in the genotype of colon cancer 

patients with and without certain mutations. If a difference is detectable, it might be 

used in the development of new drugs directed to certain groups of colon cancer 

patients. 

 

Gene expression data from 106 colon cancer patients with various stages of colon 

cancer are generated prior to the project. Nine different mutational hotspot regions 

within the genes BRAF (v-raf murine sarcoma viral oncogene homolog B1), KRAS 

(Kirsten rat sarcoma) and PIK3CA (Phosphatidylinositol 3-kinase catalytic alpha 

subunit) and the whole APC (adenomatous polyposis coli) gene are sequenced to look 

for mutations. In the project, a classifier will be applied to the data to try to separate the 

patients with a mutation from those without. A more detailed description of the different 

regions, the array used to generate the data and the methods follow below. 
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1.1 Colon Cancer 

In colon cancer, a simplified tumourigenesis goes from normal epithelium to carcinoma 

by two intermediate steps, small and large adenomas (reviewed by Michor et al., 2005). 

The steps involved in the tumourigenesis are not fully understood, especially not in 

sporadic colon cancer, since most of the studies are done on hereditary forms, even 

though only five to 10% of all colon cancer tumours are inherited. There are two main 

types of inherited colorectal cancer, hereditary nonpolyposis colorectal cancer and 

familial adenomatous polyposis. The hallmark in hereditary nonpolyposis colorectal 

cancer is the microsatellite instability and the possibility of tumour induction by 

mutations in mismatch repair genes. Patients with familial adenomatous polyposis have 

benign polyps in their colon and a mutated copy of the tumour suppressor gene APC, 

which belongs to the Wnt-signalling pathway. The APC gene is also commonly mutated 

in both sporadic adenomas and carcinomas (Figure 1.1). Therefore, it is considered as a 

gatekeeper in the colorectal tumourigenesis (reviewed by Fearon & Vogelstein, 1990; 

reviewed by Radtke & Clevers, 2005). The continuation of tumourigenesis is more 

poorly understood. However, most studies agree about that there has to be a mutation in 

the RAS-pathway, which includes both BRAF and KRAS, for the ability of the 

adenoma to progress from small to large. Probably there are other alterations as well, 

throughout the time there have been many suggestions, but it still remains unknown 

which ones that really are connected to the colon cancer tumourigenesis (reviewed by 

Michor et al., 2005; reviewed by Fearon & Vogelstein, 1990; reviewed by Tejpar & 

Cutsem, 2002). 
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The next important step will be to move from the benign adenoma to the malign 

carcinoma. Most studies agree that an alteration in the p53-pathway (protein 53) is 

crucial for the progression. This usually involves an inactivation of, the most well 

known cancer gene, the tumour suppressor gene p53 (reviewed by Fearon & Vogelstein, 

1990; reviewed by Tejpar & Cutsem, 2002; reviewed by Finlay, 1993). 

Figure 1.1 Schematic view of colon cancer tumourigenesis 

This pathway shows the traditional idea of the colon cancer tumourigenesis. However, 

the view starts to be challenged and it is probable that it will go through revisions in the 

future. 

 

The structure described above has been the main idea about the tumourigenesis for a 

long time but more recently, a new idea was published. It suggests, based on the 

heterogeneity of colon cancer, that colon cancer is more than one disease and therefore 

not all cases can be described in the same way (reviewed by Samowitz, 2008). 

 

In general, tumourigenesis in humans is described as a multistep process where more or 

less every step involves a genetic alteration (reviewed by Hanahan & Weinberg, 2000). 

There are many different possibilities of genetic alterations especially in cancer where 

the chromosomes tend to be more unstable than normal. Therefore, both small and 

larger insertions, deletions and crossovers can occur as well as single nucleotide 

Normal 

epithelium 

Adenoma 

Small  Large 
Carcinoma 

APC 

pathway 

Ras 

pathway 

p53 

pathway 
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mutations. A single nucleotide mutation can either change the amino acid or be silent. A 

silent change will give the same amino acid as before but properties such as translation 

time can be affected. The alterations considered during the project are only single 

nucleotide mutations in the tumour suppressor gene APC and the oncogenes BRAF, 

KRAS and PIK3CA. 

 

The mutations considered in the APC gene are those leading to truncation of the 

transcript, with inactivation as a consequence. Historically APC mutations are seen as 

the start point for the tumourigenesis process in colon cancer. Nowadays it is known 

that APC is mutated in many colon cancer patients but not in all cases, suggesting that 

alternative pathways exist (Powell et al., 1992; Smith et al., 2002). 

 

Rajagopalan et al. (2002) gives strong support to the idea that mutations in the 

oncogenes BRAF and KRAS have similar effect in tumourigenesis, because their study 

shows that these two genes rarely are mutated in the same patient. They also found that 

the genes probably are mutated at a similar stage in the tumourigenesis, after initiation 

but before the tumour turns into malignant. In the same year, Smith et al. (2002) shows 

that it is very rare with mutations in APC, KRAS and p53 at the same time. On the other 

hand, patients with a mutation in the PIK3CA gene in many cases also harbour a 

mutation in BRAF and/or KRAS. Therefore Velho et al. (2005) suggests that the 

combination of these genes might have a synergistic effect in the development and 

progression of colon cancer. Probably the mutations in PIK3CA are arising at a late 

stage of the tumourigenesis, maybe as late as in the invasion phase (Samuels et al., 

2004). 
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These findings both support and ruin the early idea suggested by Fearon and Vogelstein 

(1990) that colon cancer is a sequential development with defined steps. Therefore, the 

main idea today is that colon tumourigenesis is a multistep process with alternative 

pathways to achieve the endpoint, a colon carcinoma. 

 

The patients in this study are sequenced to check for mutations in hotspot regions of the 

BRAF, KRAS and PIK3CA genes. In addition, the whole APC gene is sequenced. From 

this procedure the patients can be classified as mutant or wild type for each region in 

every gene. 

 

Davies et al. (2002) shows that the most common mutation for BRAF is a mutation that 

substitutes valine with glutamic acid at codon 599, therefore named V599E. The region 

is also referred to as V600E and is the BRAF codon sequenced in this dataset. 

 

In KRAS, codon 12, 13 and 61 is shown to be the common areas for mutations. The 

most common mutation is substitution in the middle of codon 12 where a G is 

exchanged for either A or T (Breivik et al., 1994; Brink et al., 2003). For this study 

these three KRAS codons are sequenced, but no mutation are found in codon 61 and 

therefore it is excluded from the analyses. 
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For PIK3CA mutations are shown by Velho et al. (2005) to occur most frequently in 

codon 542, 545 and 1047. In addition, it found a novel mutation in codon 1023 (Velho 

et al., 2005; Samuels et al., 2004). All four of these regions are sequenced, but in this 

case no mutations are found in codon 1023 and therefore it is excluded from the 

analyses. 

 

1.1.1 Cancer Stages 

The grievousness of a cancer tumour can be described by different staging systems, the 

latest and so far, the most informative is the TNM system. TNM is divided into three 

levels the T that describes the primary tumour, the N describing the status of the 

regional lymph nodes and M stages describing the status of distant metastasis. At the 

moment, the older and less informative Dukes’ stage classification is used for this 

dataset, although the intention for the future is to shift from Dukes’ stages to the TNM 

system. 

 

In more detail the Dukes’ stages for colon cancer, is a way of describing the location 

and spreading of the tumour. The stages are named A, B and C, where A is the least 

severe variant, see table 1.1. A stage classification will always refer to the stage of the 

tumour when it first is detected, even if the cancer progresses (Compton & Greene, 

2004). In the dataset, the C stage is subdivided into C, C1 and C2 to distinguish more 

between how severe the metastasis is. Those stages are not normally defined in Dukes’ 

stages; therefore, all C patients are grouped into one C group. 
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Table 1.1 Dukes’ stages of colon cancer 

The Dukes’ stage corresponds to the state of the tumour when it first is found and it 

does not change even if the tumour progresses. 

Dukes’ stage Description 

A 
The tumour has invaded submucosa and/or the 

muscle layer located on the outside of submucosa 

B 
The tumour has invaded through the muscle layer 

and/or has invaded other organs or structures 

C 
The tumour has in addition to one of the above 

set metastasis in lymph nodes 

 

 

1.2 Gene Expression Data 

As mentioned above, gene expression data from 106 colon cancer patients are generated 

prior to the project; it is done with microarrays, one for each patient. The array used is 

the GeneChip Human Genome U133 Plus 2.0 from Affymetrix®, which has the 

speciality that it covers the complete transcribed human genome. For each one of the 

samples this array gives the intensities for more than 54000 features. To be able to 

measure the intensities each feature is represented by a probeset consisting of 11 probe 

pairs. Each probe pair contains one perfect match probe and one probe with a single 

base mismatch in the middle. With this setup, the specific and the non-specific binding 

can be measured at the same time (Affymetrix Inc., 2008; Affymetrix Inc., 2006). 

 

In studies such as Bolstad et al. (2003) and Irizarry et al. (2003a), the importance of 

normalization of array intensities is showed. The main reasons are that there always will 

be variations during the manufacturing of the array and the preparation of the samples. 
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In addition, there will also be errors due to the hybridization and fluorescence detection. 

Two of the most commonly used algorithms to normalize and measure the gene 

expression, Microarray Suite and Robust Multichip Analysis, will be explained further. 

 

1.2.1 Microarray Suite 

The fifth version of the microarray suite software (MAS5) is based on a normalization 

method that measures the difference in intensity within a probe pair and the difference is 

then logarithm transformed. Since the logarithm is used, it has to be ensured that the 

difference between the perfect match and the mismatch intensity never becomes 

negative. That problem is solved by having a function that generates the mismatch 

intensity itself if it is lower than the one for perfect match. If the mismatch intensity 

instead is higher than the perfect match intensity, the mismatch intensity is adjusted to 

be smaller than the intensity of the perfect match. 

 

To measure the gene expression from a probeset, a robust average is calculated from the 

logarithm-transformed differences for the probeset. The calculation is done with the 

Turkey biweight algorithm. It calculates the median for all the differences and then 

measures the distance between the probe pair difference and the median. Based on these 

distances and the median of them, every probe pair gets a weight. The lower weight a 

probe pair has the further away it is located and the lesser impact it has on the final 

value. This is a way to protect the gene expression from outliers. As a final step, the 

expression values are anti-log transformed (Irizarry et al., 2003a). 
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1.2.2 Robust Multichip Analysis 

Among others Li and Wong (2001) and Irizarry et al. (2003a) suggest that the difference 

method used in MAS5 can be improved. Therefore Irizarry et al. (2003a) choose to 

develop a new method called robust multichip analysis (RMA). In the same study, this 

method is shown to perform better than the other currently used methods. It is also the 

method used to generate the gene expressions for this study. 

 

The first statement the researchers did is that the perfect match intensity is a mix of 

appropriate signal and background noise. To remove the background noise from the 

perfect match intensity a function is defined, given the perfect match intensity for the 

whole probe set. 

 

Quantile normalization is used to normalize the data, which is proven in 2003 by 

Bolstad et al. to be the best normalization method at the time. The idea behind the 

method is to give all arrays the same distribution of their intensities. In theory, the 

forcing of the quantiles to be equal can give problems in the tails. However, the 

expression measurement usually is based on multiple probes and Bolstad et al. (2003) 

proved that in practice it is not an issue. 

 

The perfect match intensities are then fitted into an additive linear model, consisting of 

the terms probe affinity, logarithm transformed expression levels for the specific array 

and an independent, identical distributed error. To estimate the parameters in the model 

a robust method called median polish is used, which protects the measurements from 

outliers (Bolstad et al., 2003; Irizarry et al., 2003b). 
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Median polish is an iterative method that alternates between subtracting columns 

median and rows median, from data in a two-way table. The method simply finds the 

median for either the columns or the rows and then subtracts it from each element in the 

corresponding column or row. In the next step, it does the same but in the other 

dimension. The method continues altering columns and rows until either the median is 

zero or a predefined numbers of iterations are reached (Hoaglin et al., 1983). After 

estimation of the parameters, the linear model gives the expression level for the 

probeset. 

 

1.3 Classification 

Classifiers are used to try to predict which one of two or more classes a sample belongs 

too. This can be achieved in many different ways but there are two main classes of 

methods, the unsupervised and the supervised methods. The unsupervised methods do 

not have any known class labels and the methods try to find underlying similarities and 

divide the samples into groups based on that. For the supervised methods, the class label 

is known for every sample in the trainingset and they are used during the training of the 

classifier. After the training, the classifier is ready to classify the samples, which are not 

used during the training. These types of methods usually give a better separation of the 

classes since knowledge relevant for the separation is built into the classifier. The 

problem is that it requires a large amount of data to successfully build and evaluate the 

classifier (Theodoridis & Koutroumbas, 2006). For this project, the classifier is stated in 

the project description to be a supervised method called support vector machine, 

described in more detail in chapter 1.3.3. 
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In the dataset, there are 106 patient samples and more than 54000 features, to use a 

classifier on the whole dataset will be very time consuming and will generate lots of 

noise in the classifier. Therefore, a feature selection has to be done and there are several 

methods available for that purpose. As a first quick and rough method, ANOVA 

(Analysis of Variance) is used, and then the selection is refined with the genetic 

algorithm. 

 

1.3.1 A"OVA 

ANOVA is a fast method to generate a sorted list with the features that distinguishes 

best between the different classes in the top. The first feature in the list is, due to 

ANOVA, the feature that discriminates most between the classes. Next feature has the 

second highest impact on the discrimination and then it carries on until the least 

discriminating feature in the bottom. 

 

In the simplest case, it is a binary problem with two classes but it can be extended to 

involve more classes. It can also be used as feature selection where a list with a 

predefined number of features is generated, which then can be used by the classifier. 

 

In 2006, Jeffery et al. showed that ANOVA performs well if the training and test set 

rely on a large number of samples. When the number of samples for each class drops 

the performance of ANOVA also drops. Since the sizes of the mutated groups are quite 

small an additional method, the genetic algorithm, is considered to try to maintain a 

high level of correct classifications. 
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1.3.2 Genetic Algorithm 

The genetic algorithm is another method for feature selection. This method tries to 

imitate the natural selection process with mutations and crossovers, to efficient generate 

the best set of features for the classification. In more detail, it randomly generates a 

population of featuresets with a predefined number of features. Their ability to separate 

the classes is checked. The better the separation is for a particular featureset the higher 

is the probability for that set to be selected in the formation of the new generation of 

featuresets. To generate the new featuresets random mutations in one of the old 

featuresets and/or crossovers are performed. A crossover combines different parts from 

a pair of featuresets. Then the classification performance for each of the new featuresets 

is checked. This process continues until a predefined stop criterion for the classification 

performance is met. 

 

Since it uses the population heuristic it runs several searches in parallel, which is an 

efficient way to search through more or less the whole search space. In addition, it also 

avoids the search to be stuck in a local optimum (Li et al., 2005). A reason for choosing 

this method is because Li et al. (2005) proved that it gives reliable result when it is used 

in combination with a support vector machine to generate an optimal featureset. 
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1.3.3 Support Vector Machine 

A support vector machine (SVM) is a tool to classify samples, in the simplest case in 

either of two classes and in more complex cases into one out of several classes. The 

SVM has to be trained on training samples that mirrors the test samples before a 

classification of the test samples can be done. To train the SVM, supervised learning is 

used, which means that the classifier is presented to input data that has a known and 

specific output. The target is the functional relationship generating the right output for 

the input data, although it is not sure that the target function works due to noisy training 

data. Even if the target function works perfectly well for the training data, it is not 

certain that it will do so for the unseen dataset. 

 

The idea behind the SVM for a binary problem is that the classes shall be separated by a 

hyperplane that has equally sized margins to the two closest samples (one from each 

class). In addition the margin also shall be as large as possible (Figure 1.2A). Although 

sometimes it is not possible to make a total distinguish between the two classes (Figure 

1.2B). This problem is solved by applying a cost for each misclassification. The higher 

the cost is the stricter the hyperplane is fitted to the training samples. At a first sight, it 

sounds good with a high cost but actually, it may result in a bad general classification of 

the test samples due to overfitting. Another problem that can arise is that the samples 

cannot be separated with a hyperplane without summing up to a huge cost for 

misclassifications. The solution is to use a kernel function, which projects the samples 

into another space, where they can be separated with a hyperplane and therefore 

generate a lower misclassification cost (Cristianini, 2000). 
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Figure 1.2 The separation idea for support vector machines 

Figure A shows a perfect separation for the two classes with the hyperplane as a solid 

line and the equally sized margins in dashed lines with a total cost for misclassifications 

of zero. In figure B, it is impossible  to separate the two classes without getting 

misclassified samples therefore it will give a higher total cost for misclassifications than 

the A example. 

 

1.3.4 Cross-Validation 

To evaluate the performance of a method, in this case a classifier, cross-validation can 

be used. Cross-validation splits all samples randomly into a defined number of 

partitions e.g., a 10-fold cross-validation divides the data into 10 equally sized parts. 

 

In each iteration one partition is left out to serve as an unseen testset. The remaining 

parts are used to train the classifier, which then is tested on the left out partition. This 

procedure is repeated until all partitions are used as a testset once and the classification 

ability are summarized to a classification score (Partek Inc., 2008). 
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1.3.5 Principal Component Analysis 

Principal component analysis (PCA) is a way of reducing the dimensions in the dataset 

but still save as much as possible of the variations. The reduction simplifies the 

identification of difference and similarity patterns in the dataset. In addition, it also 

simplifies the visualization of the data. 

 

PCA transforms the possibly correlated original variables from the dataset into a smaller 

number of uncorrelated variables, named principal components. The transformation is 

done in such a way that the first principal component holds the largest variance from the 

original dataset. From the first few principal components, most of the variations 

expressed in the original dataset are maintained (Joliffe, 2002). 

 

To be able to visualize the separation a tool in Partek® called bi-plot is used. It shows 

the three first principal components ability to separate the data and how many percent of 

the variation that is maintained. 

 

1.3.6 Partek® Genomics Suite 

During the project the software Partek® Genomics Suite is used, which has a user-

friendly interface with the ability to do a lot of different analysis on gene expression 

data. The parts that are used for this study is the feature selection, model selection, run 

deployed model and the PCA analysis. 
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For the model selection different misclassification costs can be applied and four 

different kernel functions (linear, polynomial, radial basis function and sigmoid) are 

available. All these parameters can be tested in parallel to give comparable results. The 

feature selection method and the number of features wanted in the subset as well as the 

number of partitions for the cross-validation have to be defined for the model selection. 

All methods described earlier in the classification chapter are implemented and used 

through the program (Partek Inc., 2008). 

 

1.4 Other Studies 

Many microarray experiments on colon cancer samples are done mainly to investigate 

the gene expression levels between normal tissue and different stages of colon cancer. 

These studies reveal that the differences in the gene expression levels are big enough for 

a classifier to successfully separate the different stages. In addition, the studies also give 

suggestions of genes that can be used as treatment targets (Birkenkamp-Demtroder et 

al., 2002; Kitahara et al., 2001; Notterman et al., 2001). 

 

Microarrays are also used to evaluate the suitability and performance of treatments for 

patients. The main findings in most of these studies are that the differences in response 

to a treatment between different patients often correlate with differences in the gene 

expressions (Boyer et al., 2006; Clarke et al., 2003). 

 

Another major group of microarray experiments is those trying to predict the outcome 

of the cancer, usually given the initial stage such as a Dukes’ stage. The idea with these 

studies is to try to predict, which patients that have an increased risk of recurrence. The 
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obtained information can then be used to achieve a better targeting of the treatment to 

increase the lifetime and survival rates for the patients (Barrier et al., 2006; Bertucci et 

al., 2004; Diep et al., 2003). 

 

There are very few studies in the area of genotyping patients with different mutations, 

although Kim et al. carried out a project in 2006 within the same area. They looked for 

genes that can be used to distinguish colon cancer patients with a mutation in BRAF 

from those with a KRAS mutation. In the sample set used during their study strong 

evidence is found for the ability to distinguish between BRAF and KRAS mutation 

based on the genotype of the patient. They ended up with two separate gene lists with 

98 respectively 80 different features needed for the separation; several of the features 

are reported to be involved in pathways important for the tumourigenesis. Therefore, it 

gives support to this project; that it can be possible to find differences in genotype due 

to gene expression intensities. 

 

In the environment of works that already are done, this project fit in by looking for 

differences in the genes that may be able to explain why patients respond different on 

the same treatment. It also has the possibility to reveal genes that can be potential drug 

targets and more important, it hopefully can speed up the development of an effective 

and less invasive test for detection of colon cancer. 
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1.5 Aims & Objectives 

The overall aim for the project is to investigate if any difference in the genotype of 

colon cancer patient can be detected to find patients that more likely will benefit from a 

particular drug, such as a BRAF inhibitor. For each one of the 106 colon cancer 

patients’ mutational hotspots in three genes (BRAF codon 600, KRAS codon 12, 13 and 

61, and PIK3CA codon 542, 545 and 1047) and one whole gene (APC) are sequenced. 

The patients are identified as either mutant or wild type for each region. The genes are 

then analysed separately starting with BRAF and KRAS to try to find a subset of the 

features from the Affymetrix array that can distinguish between the mutated and the 

wild type patients. The subset chosen for the classification shall be as small as possible 

but still contain enough information to separate the classes.  

 

To achieve the aim the following objectives are stipulated: 

• A quick and rough feature selection will be done with ANOVA and then the 

result shall be refined with the genetic algorithm 

• To decide the SVM parameters for each gene, a model selection will be run were 

the four kernel functions (linear, polynomial, radial base function and sigmoid) 

implemented in Partek® shall be tested, and in addition different costs for the 

misclassification shall be used 

• Evaluation of the classification performance for the different models shall be 

done with cross-validation 

• The best model shall be trained and then evaluated on a testset, which are totally 

unseen for the classifier during the training and the features included in the 

model shall be checked 
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Chapter 2: Materials & Methods 

2.1 Colon Cancer Dataset 

2.1.1 Samples 

Prior to the project, 164 colorectal cancer biopsy samples were obtained from the tissue 

bank. The samples were primary colon cancer tumours without chemotherapy treatment 

before the surgery. These samples were checked and only half of them had a RNA 

integrity number (RIN) threshold that was above the convention of seven. The RIN 

threshold was then lowered to 6.4, which increased the number of samples to 106 and it 

did not seem to affect the quality of the dataset. Those 106 samples were then used 

during the analyses. However, throughout all of the pyrosequencing two samples were 

missed out and one additional for BRAF due to lack of samples. 

 

2.1.2 Expression Data 

The expression data was generated with the array GeneChip Human Genome U133 Plus 

2.0 from Affymetrix®. As mentioned before this array covered the whole transcribed 

human genome with the use of more than 54000 probesets and each of these probesets 

contained 11 probe pairs. Every probe pair consisted of one probe with perfect match 

and one with a single base mismatch in the middle of the sequence. This structure made 

it possible to measure non-specific bindings at the same time as the specific binding. 

From each array, an image was generated containing the intensities for all of the 1.3 

million different probes (Affymetrix Inc., 2008; Affymetrix Inc., 2006). The intensities 

were normalized and measured by the robust multichip analysis (Chapter 1.2.2). 
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2.1.3 Genotype Data 

The dataset contained 106 samples from colon cancer patients. For each patients 

information about age, sex and Duke’s stage were included as well as the intensities for 

all probesets. In addition, the mutation or wild type decision from sequencing of the 

mutational hotspots in BRAF, KRAS, and PIK3CA and the whole gene sequencing of 

APC was added. For APC two different types of mutations were found; one that only 

gave a mutation and one, which gave a mutation that truncated the transcript. The only 

mutations considered during the analysis were those giving a truncating mutation (Table 

2.1). 

 

Table 2.1 Summary of the genotypes in the initial dataset 

Mutated gene ;o. of samples 
Dukes’ stage 

A B C 

BRAF 8 - 3 5 

KRAS 14 3 - 11 

KRAS and APC Truncation 8 1 5 2 

KRAS, PIK3CA and APC Truncation 4 - 1 3 

PIK3CA 4 1 3 - 

PIK3CA and APC Truncation 1 - 1 - 

APC Truncation 21 4 6 11 

BRAF, KRAS, PIK3CA and APC Truncation 2 - - 2 

No mutation identified 44 7 21 16 
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After half of the project a pyrosequencing of the BRAF, KRAS and PIK3CA regions 

were completed and added to the project. The pyrosequencing told how many percent of 

the cells in the sample that were mutated for the particular region. This moved the 

project from the absolute mutation information in the initial dataset to the semi 

quantitative mutation information in the pyrosequenced dataset. 

 

In the dataset used by the classifier, the mutation percentage was transformed to a 

mutated or wild type decision. Therefore, the assumption that everything above ten 

percent was a mutation was made. As a comparison the majority of the wild type 

samples had a mutation percentage between zero and three percent. During the 

manually done analyses and the interpretations, the actual mutation percentage was still 

considered. 

 

This new data added 15 mutated samples to the ones already found, three in BRAF, six 

in KRAS and six in PIK3CA and a mutation in KRAS codon 14, which lead to a 

truncation in codon 20. In three of the PIK3CA samples, new mutations were found in 

two codons, giving 15 new mutated samples but 18 new mutations. At the same time it 

removed two of the earlier detected mutations from KRAS, see table 2.2. It also 

revealed that a mutation, which occurred in codon 546 in PIK3CA earlier, was grouped 

together with the mutations in codon 545. No mutations were found with either method 

in codon 61 in KRAS and codon 1023 in PIK3CA, therefore these two regions were 

excluded from all of the analysis. In the end, the mutations that were dealt with changed 

the amino acid in codon 600 in BRAF from valine to glutamic acid. In KRAS, several 

different mutations happened in codon 12, which gave valine, aspartic acid, alanine or 
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cysteine instead of the wild type glycine. For codon 13, the only mutation that occurred 

substituted glycine with aspartic acid. Codon 542 in PIK3CA had a substitution of 

glutamic acid with lysine. In codon 545, glutamic acid was substituted with either lysine 

or glycine and at codon 1047 histidine was substituted with arginine. Both KRAS and 

PIK3CA had an additional column, which summed up all mutations for the gene 

independent of the codon. From here and on, when KRAS and PIK3CA were used it 

referred to the summarized column for respective gene. As mentioned above only the 

mutation giving a truncation was considered for APC. 

 

Table 2.2 Summary of the genotypes for the pyrosequenced dataset 

Mutated gene 
;o. of 

samples 

Dukes’ stage 

A B C 

BRAF 10 - 6 4 

BRAF and PIK3CA 1 - - 1 

BRAF, PIK3CA and APC Truncation 2 - - 2 

KRAS 16 3 1 12 

KRAS and PIK3CA 2 - 1 1 

KRAS and APC Truncation 8 1 4 3 

KRAS, PIK3CA and APC Truncation 6 - 2 4 

PIK3CA 5 1 4 - 

PIK3CA and APC Truncation 1 - 1 - 

APC Truncation 19 4 6 9 

No mutation identified 36 7 15 14 
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2.2 Model Selection 

To find the best parameters for every support vector machine a tool in Partek® called 

model selection was used (Partek Inc., 2008). The model selection was built up by four 

tabs, summary, variable (feature) selection, classification and cross-validation, which all 

contributed to the tested models. The setup used in each tab will be explained in more 

detail below.(Partek Inc., 2008) 

 

2.2.1 Variable Selection 

Two different types of runs were done according to the feature selection. First, the 

whole dataset was used and the feature selection was done with ANOVA. The runs 

were done with 1-way ANOVA and were configured to use the region of interest, 

BRAF, total KRAS or total PIK3CA (Figure 2.1A). Then the number of features wanted 

in the subset should be typed in the box ‘one group of significant variables’. Throughout 

these study groups of ten, twenty, thirty, forty, fifty, sixty, seventy, eighty, 100, 200 and 

1000 features were tested (Table 2.3). The other type of variable selection was used on a 

dataset that already was reduced with ANOVA to contain 1000 features with the lowest 

probability value. The selection method used was the genetic algorithm with the search 

criteria, each variable only appear once in the initial population. In addition, the default 

values were used for the number of generations and mutation probability, 100 

respectively 0.5 (Figure 2.1B). Finally, the numbers of features were changed between 

the runs to contain the same numbers as ANOVA with the exception that the group with 

1000 features was excluded (Table 2.3). 
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Figure 2.1 The variable selection tab 

In figure A, is the view for the A%OVA selection showed and in figure B is the view for 

the genetic algorithm showed. 

A 

B 
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Table 2.3 Featureset sizes for the model selections 

A;OVA 
A;OVA & 

Genetic algorithm 

• 10 • 10 

• 20 • 20 

• 30 • 30 

• 40 • 40 

• 50 • 50 

• 60 • 60 

• 70 • 70 

• 80 • 80 

• 100 • 100 

• 200 • 200 

• 1000  

 

2.2.2 Classification 

The classification method used was always the support vector machine and all four of 

the kernel functions, linear, polynomial of degree three, radial basis function of degree 

three and sigmoid, were tested in each run. For the genetic algorithm, it was important 

to remember to change the variable to predict to the appropriate one, in these cases 

BRAF, total KRAS or total PIK3CA. To configure the machine all default values were 

used, which meant that the machine was cost-based with shrinking. The tool ‘with 

shrinking’ applied a heuristic to the SVM that reduced the size of the problem and 

therefore also the computational time. The cost for misclassification done by the support 

vector machine was set from one to 1001 with steps of 100. While the tolerance, also 

called termination criterion was set to 0.001 (both from and to was set at 0.001), which 

meant that minimum precision of the solution had to be 0.001. Automatically the kernel 
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parameter gamma tested values between 0.01 and 1·10-10 with steps of 0.1, in addition it 

was set to test gamma as one divided by the numbers of columns, which was called auto 

in the summary (Table 2.4 and Figure 2.2). In the polynomial and sigmoid functions, 

the gamma parameter scaled the dot product of the training vectors. While for the radial 

basis function, the gamma parameter scaled the whole result. The last parameter, coef0, 

was another kernel parameter that was tested automatically. It was a constant, with 

value one or zero, which was added to the result of the polynomial and sigmoid 

functions. 

 

Table 2.4 Summary of classification parameters 

Method Kernel function Tolerance Configuration Cost Gamma 

• Support  • Linear • 0.001 • Cost-based  • 1 • 1·10-2 

vector • Polynomial  with • 101 • 1·10-3 

machine • Radial basis   shrinking • 201 • 1·10-4 

 function   • 301 • 1·10-5 

 • Sigmoid   • 401 • 1·10-6 

    • 501 • 1·10-7 

    • 601 • 1·10-8 

    • 701 • 1·10-9 

    • 801 • 1·10-10 

    • 901 • Auto 

    • 1001  
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Figure 2.2 The settings in the classification tab 

 

2.2.3 Cross-Validation 

In the cross-validation tab, the default 1-level cross-validation was used and the number 

of data partitions was manually set to either three or ten. To ensure that the results were 

not biased due to the order of the data the option randomly reorder the data was used, 

with the default setting random seed 10001. Finally, the model selection criterion was 

set to normalized correction rate (Figure 2.1). The normalized correction rate was 

calculated as a mean of the number of right classified samples for each class. The 

equation (Equation 2.1) gave that the higher rate the better was the ability to correct 

classify. If all samples were correct classified in all partitions of the cross-validation the 

normalized correction rate would have been one. In Equation 2.1, TP (true positive) 

referred to the sample that was classified as mutated by the classifier and actually also 

were mutated. TN (true negative) was the same as above but for the wild type samples 
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instead. FP and FN (false positive and false negative) were the samples that were 

classified as mutated but were wild type and vice versa, see Table 2.5. 

 

 

Figure 2.3 The cross-validation tab for a ten-partition cross-validation 

 

 

Equation 2.1 ;ormalized correction rate (;.c.r) 
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Table 2.5 Explanation of normalized correction rate parameters 

TP=True Positive, T%=True %egative, FP=False Positive and F%=False %egative. 

"Predicted class” was the class the classifier classified the sample as and "actual class" 

was the class, which the sample actually belonged too. 

  Actual class 

  Mutated Wild type 

Predicted 
class 

Mutated TP FP 

Wild type FN TN 
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2.2.4 BRAF 

For BRAF with ANOVA as the feature selection method all the subsets listed in table 

2.3 were run, with both three and ten partitions for the cross-validation on the initial 

dataset. All the parameters in the classification tab were set as stated above. When the 

genetic algorithm was run on the reduced dataset, the subset sizes stated in table 2.3 was 

tested. Even for the genetic algorithm, the classification parameters followed table 2.4 

and the cross-validation was done with both three and ten partitions. The BRAF codon 

was also analysed in the pyrosequenced dataset. It was analysed in the same way as 

mentioned above with the exception that only the ten-partition option was used for the 

cross-validation for both feature selection methods. 

 

2.2.5 KRAS 

KRAS was run in exactly the same way as BRAF, for both the non-pyrosequenced and 

the pyrosequenced data. All the subsets in table 2.3 were done, with three and ten cross-

validation partitions for the non-pyrosequenced data. While the pyrosequenced data was 

run only with ten partitions in the cross-validation. No modification of the classification 

parameters in table 2.4 were done in any of the runs. 

 

2.2.6 PIK3CA 

The variable selection for PIK3CA was first done with ANOVA and ten partitions for 

the cross-validation in both datasets. Then ANOVA was done to do a pre-selection of 

1000 samples before the genetic algorithm was used to generate the subsets stated in 

table 2.3, with ten partitions in the cross-validation. This was also done in the same way 
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for both datasets. Through all runs, no changes were done to the classification 

parameters. 

 

2.3 Visualization of Separation 

To analyse how good the features of the top model for a run actually separated the 

mutated and wild type samples a principal component analysis (PCA) was performed. It 

was done on a dataset only containing the features used for the top model. Since the 

variance of the intensities differed widely between different samples in the dataset, the 

correlation dispersion matrix and normalized eigenvectors were used for the 

computation of the principal components. For every analysis the separation by principal 

component one and two, one and three as well as two and three were visualized with a 

bi-plot each. 

 

2.4 Variable Analyse 

To analyse what genes that were included in the different featuresets a tool called 

NetAffx™ Analysis Centre supplied by Affymetrix® was used (Affymetrix Inc., 2008). 

The batch search within the NetAffx™ Analysis Centre took the list with probeset IDs 

for the featureset and transformed it into a list with the corresponding gene names and 

functions. The genes were then compared with the Kyoto Encyclopedia of Genes and 

Genomes’ (KEGG) pathway maps for cancer and colorectal cancer (Kanehisa 

Laboratories in the Bioinformatics Center & the Human Genome Center of the 

University of Tokyo, 2008). 
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2.5 Correlation between Gene Expression & Dukes’ Stages 

To investigate if there was any correlation between the Dukes’ stage and mutations for a 

particular gene, a two-way ANOVA was used. For the analysis two datasets were used 

the pyrosequenced one and one based on the pyrosequenced dataset but all samples with 

Dukes’ stage A and B were grouped together. The ANOVA factor used was the 

combination of the gene of interest and the Dukes’ stage. To achieve that, both of the 

factors have to be marked and then the asterisk-marked arrow should be used (Figure 

2.4). One at the time, all three genes were analysed. From the ANOVA result, datasets 

containing the top ten to fifty features with steps of ten were generated. Using the newly 

generated datasets the separation was visualized with PCA and bi-plots. The PCA 

settings were the same as stated above in chapter 2.4. 

 

 

Figure 2.4 Settings for the A;OVA analysis 
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2.6 Evaluating Others Classifiers 

Kim et al. presented in 2006 a study where they had built two classifiers with two 

different methods that were able to separate colorectal cancer patients with a BRAF 

mutation from those with a KRAS mutation. The dataset used for that study was not 

available; therefore, their classifiers were evaluated on the pyrosequenced dataset from 

this study instead of the other way around. Using NetAffx™ Analysis Centre 

(Affymetrix Inc., 2008) the genes from Kim et al.’s classifiers were translated to the 

corresponding probesets used for the pyrosequenced dataset. For most of the genes, 

more than one probeset corresponded to the gene giving almost three times as many 

features as in the article. To do the analysis with the same number of features as Kim et 

al., the size of the featureset was reduced by ANOVA. The features ability to separate 

the samples were then analysed with PCA, both with all features and with the ANOVA 

reduced subset. 

  

2.6.1 BRAF & KRAS Separation 

Since most of the published articles within the field only have tried to separate BRAF 

and KRAS mutated samples from each other based on the genotype, it was interesting to 

do the same with the pyrosequenced dataset. First, a new dataset was created; 

containing the samples that only harboured a BRAF or a KRAS mutation. The dataset 

had 26 samples, ten BRAF and 16 KRAS samples. On this new dataset ANOVA was 

done to select three feature subsets of ten, fifty and 100 features. The visualization of 

the separation for each featureset was done with PCA. 
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2.7 Statistical Analysis 

A random sampling with 1000 iterations was used to investigate the significance level 

of under and over representations. The random sampling gave a distribution from which 

the significance level could be found by checking the quantiles (the upper ones for over 

representation and the lower ones for under representation). To have significance of 5% 

for over representation the number of over represented samples had to be higher than 

the number that corresponded to the 95% quantile generated. 

 

The correlation between the percentage of the mutation for each region in every gene 

and each feature in the pyrosequenced dataset was calculated. Then the significance of 

the correlation was measured with a two-tailed t-test (non-directional) (Lowry, 2008). 
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Chapter 3: Results 

3.1 Model Selection 

In general, it was difficult to find models that gave a good classification of the wild type 

and mutated samples. However, BRAF differed from KRAS and PIK3CA in a positive 

way, since it had higher normalized correction rates and gave a better separation of the 

samples. For PIK3CA in the pyrosequenced dataset the combination of ANOVA and 

genetic algorithm performed as good as the combination in BRAF. At the same time, 

the ANOVA feature selection in PIK3CA had the worst rate of all featuresets in all 

genes and both datasets. KRAS had a normalized correction rate between BRAF and 

PIK3CA but the actual separation was worse than for both of the other genes. The 

performance for each particular gene is described in more detail below. 

 

For BRAF and KRAS, in the initial dataset, both three and ten partitions for the cross-

validation were used to analyse the effect on the normalized correction rates. Three 

times out of four, the cross-validation with ten partitions had a higher rate than the ones 

with three partitions. Therefore, cross-validation with ten partitions was used 

throughout the rest of the analyses. The only time when three partitions bet ten 

partitions was in BRAF with ANOVA as selection method; however, the differences 

between the two were mainly small. 

 



 35 

3.1.1 BRAF 

The model selection for BRAF gave overall a relatively good separation between the 

mutated and wild type samples. For the initial dataset, the classifiers with a combination 

of ANOVA and genetic algorithm had a higher normalized correction rate than those 

with ANOVA, for all featuresets. The highest rate of all classifiers (0.95) used the 

combination of ANOVA and genetic algorithm with thirty features on the initial dataset. 

In the pyrosequenced dataset, the classifier with ANOVA and ten features had the 

highest normalized correction. For the rest of the featuresets, the classifiers with the 

combination of ANOVA and genetic algorithm had a better performance than those 

with ANOVA alone (Figure 3.1A). 

 

With only two exceptions, the number of correct classified samples for the deployed 

models in the initial dataset was higher for the ANOVA classifiers than for those with 

the combination. The exceptions were featureset fifty and sixty, which had more correct 

classified samples for the combination of ANOVA and genetic algorithm. In the 

pyrosequenced dataset, featureset ten to thirty and 100 had a higher amount of correct 

classified samples for the ANOVA classifiers than for those with the combination. The 

models with the combination classified more samples correct for featureset seventy and 

eighty, while both methods did equally well for the remaining featuresets (Figure 3.1B) 
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The pyrosequencing found three additional samples with a BRAF mutation. However, 

in six of the ten featuresets the performance of the classifiers with the combination of 

ANOVA and genetic algorithm had lower normalized correction rates for the 

pyrosequenced than for the initial dataset. In featureset ten to forty, seventy and 100 the 

initial dataset had better rates. For the ANOVA classifiers the best performance shifted 

between the pyrosequenced and initial dataset for each of the first six featuresets. Then 

the pyrosequenced dataset stayed with the highest rate. In the number of correct 

classified samples, there were big differences for featureset ten, seventy, eighty and 100 

where the initial ANOVA classifiers did a better work than the pyrosequenced. For the 

combination of ANOVA and genetic algorithm the number of correct classified samples 

were almost the same for all featuresets except featureset sixty, seventy and 100. Of 

these three featuresets, the smallest and largest had more correct classified samples for 

the initial dataset, while the last featureset had a higher number for the pyrosequenced 

dataset (Figure 3.1B). 

 

The performance of the PCA separation between mutated and wild type samples did not 

always correspond with the number of correct classified samples. For BRAF the best 

separation between the mutated (black) and wild type (grey) samples was achieved with 

ANOVA and twenty features (Figure 3.2A). In this case all mutated samples except one 

were separated from the main wild type group. However a few wild type samples were 

grouped together with the mutated samples. As a comparison the separation for 

ANOVA with forty features, which according to the deployed model had more correct 

classified had a shorter distance between the mutated and wild type groups. The mutated 

sample in the wild type cluster was also more surrounded by wild type samples (Figure 



 37 

3.2 B). When forty features and the combination of ANOVA and genetic algorithm 

were used, the separation was even worse, since two mutated samples were well mixed 

with the wild type samples. There was also another mutated group, in the upper right 

corner, which was mixed with wild type samples (Figure 3.2C).  

 

The best model for BRAF in the pyrosequenced dataset was the model using twenty 

features, selected with ANOVA. The other parameters were a misclassification cost of 

301, a gamma parameter of 0.001 and the coef0 was zero. Table 3.1 lists the twenty 

features and all of them had a significance level of less than 0.0001 for the correlation 

between the intensity and mutation percentage. 
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Figure 3.1 Model selection result for BRAF 

Figure A shows the normalized correction rate for the two feature selection methods in 

the initial as well as the pyrosequenced dataset. Figure B shows the number of correct 

classified samples for the deployed models. 
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Figure 3.2 PCA separations for BRAF model selection 

Figure A shows the separation between the mutated (black) and the wild type samples 

(grey) done by the classifier with twenty features selected by A%OVA. The black line 

indicates the separation between the samples that preferably could be involved in a 

clinical trial on the left and those that possibly would not benefit from a BRAF drug on 

the right. Figure B and C shows the same thing as figure A, but with forty features and 

A%OVA to the left and the combination of A%OVA and genetic algorithm to the right. 

 

 

A 

B C 
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Table 3.1 BRAF features for the best model in the pyrosequenced dataset 

The best model was the classifier that used A%OVA with twenty features, the 

misclassification cost 301, the gamma parameter 0.001 and coef0 was zero. 

Probe Set ID 
Gene 

Symbol 
Gene Title 

1555420_a_at KLF7 Krüppel-like factor 7 (ubiquitous) 

202479_s_at TRIB2 tribbles homolog 2 (Drosophila) 

202520_s_at MLH1 
mutL homolog 1, colon cancer, 

nonpolyposis type 2 (E. coli) 

204334_at KLF7 Krüppel-like factor 7 (ubiquitous) 

211207_s_at ACSL6 acyl-CoA synthetase long-chain family member 6 

212569_at SMCHD1 
structural maintenance of chromosomes 

flexible hinge domain containing 1 

212579_at SMCHD1 
structural maintenance of chromosomes 

flexible hinge domain containing 1 

215386_at --- CDA FLJ12396 fis, Close MAMMA1002758 

217080_s_at HOMER2 homer homolog 2 (Drosophila) 

218806_s_at VAV3 vav 3 guanine nucleotide exchange factor 

218807_at VAV3 vav 3 guanine nucleotide exchange factor 

225841_at C1orf59 chromosome 1 open reading frame 59 

228134_at MYH11 myosin, heavy chain 11, smooth muscle 

229900_at CD109 CD109 molecule 

231472_at FBXO15 F-box protein 15 

232040_at LOC157860 hypothetical protein LOC157860 

236947_at --- Transcribed locus 

237157_at --- Transcribed locus 

238482_at KLF7 Krüppel-like factor 7 (ubiquitous) 

239809_at --- Transcribed locus 
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3.1.2 KRAS 

The separation of wild type and KRAS mutated samples during the model selection 

were mainly unsuccessful, with many misclassified samples.  For the initial dataset, the 

classifiers with ANOVA as feature selection method had a stable normalized correction 

rate around 0.75. For the combination of ANOVA and genetic algorithm, the 

normalized correction rate altered between a high and a low value for every featureset. 

Giving a better performance for ANOVA in featureset twenty, forty and sixty, where 

the combination had its dips. The normalized correction rates for the two feature 

selection methods in the pyrosequenced dataset had distributions that were similar to 

each other, but with higher values for the combination (Figure 3.3A).  

 

The number of correct classified samples for the initial dataset’s deployed models was 

higher for the combination in the featureset with ten and twenty features. For the rest of 

the featuresets both feature selection methods had the same amount of correct classified 

samples. In the pyrosequenced dataset, the combination of ANOVA and genetic 

algorithm gave more correct classified samples than ANOVA alone for all featuresets, 

except the one with forty features (Figure 3.3B). 

 

It turned out that in the pyrosequenced dataset the same samples were misclassified in 

almost every featureset. After a deeper analysis of these samples it was found that the 

misclassified samples had a significant (p<0.05) under representation of samples with 

Dukes’ stage A or B. For the correct classified samples, there was a significant (p<0.05) 

over representation of samples with Dukes’ stage A or B (Table 3.2). 
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Table 3.2 Classification information for the mutated KRAS samples 

The column “Actual” corresponds to the class the samples actually belonged too, while 

the classified column is the prediction from the classifier (MUT – KRAS mutation, WT – 

wild type). Dukes’ stage tells how many of the samples that belonged to each class and 

the last three columns explain how many of the samples that also harboured the 

mutation mentioned in the column header. 

Actual Classified 
Dukes’ stage 

PIK3CA APC 
PIK3CA 

& APC A/B C 

MUT WT 1 10 - 2 3 

MUT MUT 11 10 2 6 3 

 

When the normalized correction rate was compared between the initial and the 

pyrosequenced dataset, the classifiers with ANOVA in the pyrosequenced dataset 

perform worse than all the other KRAS classifiers. For featureset thirty, fifty and 

seventy the combination of ANOVA and genetic algorithm in the initial dataset 

performed better than all other classifiers for these featuresets. For the rest of the 

featuresets the different selection methods performed equally well (Figure 3.3A). 

 

All featuresets had a higher number of correct classified samples for ANOVA in the 

initial dataset than for ANOVA in the pyrosequenced dataset. In the featureset with less 

than fifty features and the featureset with seventy features, the combination of ANOVA 

and genetic algorithm had a higher number of correct classified samples for the initial 

than for the pyrosequenced dataset. 
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Figure 3.3 Model selection result for KRAS 

Figure A shows the normalized correction rate for the two feature selection methods 

used in the initial as well as the pyrosequenced dataset. Figure B shows the number of 

correct classified samples for the deployed models.
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The PCA plots showed that a separation between the wild type and mutated samples 

was not achievable. The best separation in a PCA plot was achieved with forty features 

for ANOVA and fifty features for combination of ANOVA and genetic algorithm 

(Figure 3.4A and B). In both cases, there was a tendency that the mutated samples were 

on the right side of the cluster and the wild type on the left side, however there was not 

any clear cut between them. 

 

 

 
Figure 3.4 PCA separations for KRAS model selection 

Figure A shows the poor separation of the mutated samples (black) and the wild type 

samples (grey) for the A%OVA classifier with forty features. Figure B shows the same 

thing for the classifier with a combination of A%OVA and genetic algorithm using fifty 

features. 

 

The best KRAS model for the pyrosequenced dataset was the model with ANOVA as 

feature selection method and forty features (Table 3.3). Additional parameters were a 

misclassification cost of 1001, a gamma parameter of 0.0001 and a coef0 of zero. None 

of these forty features showed an overlap with the features used for the BRAF 

separation and none of them were represented on KEGG’s cancer maps, neither the 

colon nor the general cancer map (Kanehisa Laboratories in the Bioinformatics Center 

& the Human Genome Center of the University of Tokyo, 2008). 

 

A B 
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Table 3.3 KRAS features for the best model in the pyrosequenced dataset 

The best model was the classifier using A%OVA with forty features, a misclassification 

of 1001, a gamma parameter of 0.0001 and a coef0 of zero. 

Probe Set ID 
Gene 

Symbol 
Gene Title 

1555127_at MOCS1 molybdenum cofactor synthesis 1 

1556012_at KLHDC7A kelch domain containing 7A 

1562612_at --- CDNA FLJ30250 fis, clone BRACE2002304 

1564064_a_at ATP11B ATPase, class VI, type 11B 

1566113_at --- CDNA: FLJ23262 fis, clone COL05922 

1566498_at --- 
MRNA; cDNA DKFZp666M113 

(from clone DKFZp666M113) 

1568955_at SRGAP2P1 
SLIT-ROBO Rho GTPase activating 

protein 2 pseudogene 1 

1568957_x_at SRGAP2P1 
SLIT-ROBO Rho GTPase activating 
protein 2 pseudogene 1 

203402_at KCNAB2 
potassium voltage-gated channel, 

shaker-related subfamily, beta member 2 

204004_at PAWR PRKC, apoptosis, WT1, regulator 

207380_x_at NOX1 NADPH oxidase 1 

208084_at ITGB6 integrin, beta 6 

209200_at MEF2C myocyte enhancer factor 2C 

210808_s_at NOX1 NADPH oxidase 1 

214090_at PAWR PRKC, apoptosis, WT1, regulator 

214597_at SSTR2 somatostatin receptor 2 

216417_x_at HOXB9 homeobox B9 

220442_at GALNT4 
UDP-N-acetyl-alpha-D-galactosamine:polypeptide 

N-acetylgalactosaminyltransferase 4 (GalNAc-T4) 

221060_s_at TLR4 toll-like receptor 4 

221278_at HOXB8 homeobox B8 

222526_at GATAD2A GATA zinc finger domain containing 2A 

223741_s_at TTYH2 tweety homolog 2 (Drosophila) 

224341_x_at TLR4 toll-like receptor 4 
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Table 3.3 contd. KRAS features for the best model in the pyrosequenced dataset 

224925_at PREX1 
phosphatidylinositol 3,4,5-trisphosphate-dependent 

RAC exchanger 1 

226186_at --- CDNA clone IMAGE:5301189 

226231_at --- Transcribed locus 

228424_at NAALADL1 N-acetylated alpha-linked acidic dipeptidase-like 1 

229493_at --- CDNA clone IMAGE:4131196 

230114_at HOXB8 Homeobox B8 

232670_at --- CDNA FLJ11735 fis, clone HEMBA1005447 

232916_at --- CDNA FLJ12097 fis, clone HEMBB1002617 

233464_at BCL2L14 BCL2-like 14 (apoptosis facilitator) 

236682_at --- --- 

236688_at FRMPD3 FERM and PDZ domain containing 3 

237449_at SP8 Sp8 transcription factor 

237761_at NEK6 NIMA (never in mitosis gene a)-related kinase 6 

238879_at --- CDNA FLJ38454 fis, clone FEBRA2019690 

242652_at --- Transcribed locus 

244344_at WNK4 WNK lysine deficient protein kinase 4 

244612_at --- --- 
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3.1.3 PIK3CA 

In PIK3CA, the performance varied a lot between the different feature selection 

methods, but none of them gave outstandingly good performance. For both datasets, the 

model selection with ANOVA as feature selection method did not do much better than 

random guessing according to the normalized correction rate, which was around 0.5. 

However, the combination of ANOVA and genetic algorithm had a much better 

performance. For the initial dataset, the graph for the featuresets with less than sixty 

features had a similar pattern to the KRAS graph (Figure 3.3A), with every second 

value high and the others low. In the pyrosequenced dataset, the same pattern could be 

seen again but this time for the featuresets with more than forty features (Figure 3.5A). 

 

The deployed models for the initial dataset gave higher number of correct classified 

samples for the combination of ANOVA and genetic algorithm in featureset ten, thirty 

and above fifty. When twenty and forty features were used, the ANOVA method had 

more correct classified samples than the combination. The pyrosequenced dataset gave 

more correct classified samples for the combination than ANOVA alone in nine out of 

ten cases. The only case when ANOVA was higher was for the featureset with thirty 

features (Figure 3.5B). 

 

When the two feature selection methods were compared between the datasets, ANOVA 

alone had equally poor normalized correction rate for both datasets. The performance 

for the combination of ANOVA and genetic algorithm also followed each other, with 

exception for featureset thirty and eighty where the initial dataset had a higher rate. The 

general trend was that for smaller featuresets the pyrosequenced dataset had a higher 
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rate while the larger sets gave better performance in the initial dataset. The largest 

differences in the number of correct classified samples for the ANOVA method were 

for featureset ten, thirty and forty. In featureset, ten and thirty the pyrosequenced dataset 

had more correct classified samples than the initial, while the initial dataset had a higher 

score for the featureset with forty features. The combination of ANOVA and the genetic 

algorithm had small variations in the number of correct classified samples between the 

two datasets. 

 

The separation in the PCA plots showed a clear difference between the use of ANOVA 

and the combination of ANOVA and genetic algorithm. When ANOVA with thirty 

features was used there was one group with mutated samples clearly separated from the 

rest of the samples and then there was a band with a mix of mutated and wild type 

samples. Finally there was a larger group with only wild type samples (Figure 3.6A). 

For the combination of ANOVA and genetic algorithm with twenty features the samples 

were mixed together with a slight tendency of having mutated samples at the left side of 

the group (Figure 3.6B). 

 

In PIK3CA, the best model for the pyrosequenced dataset turned out to be the model 

containing thirty features selected by ANOVA. The additional parameters were a 

misclassification cost of 101, a gamma parameter of 0.01 and a coef0 of zero. The 

features used for the classification are listed in Table 3.4. None of these genes 

overlapped with the genes used in the BRAF and KRAS separation and none of them 

were presented on either of KEGG’s cancer maps (Kanehisa Laboratories in the 

Bioinformatics Center & the Human Genome Center of the University of Tokyo, 2008). 
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Figure 3.5 Model selection result for PIK3CA 

Figure A shows the normalized correction rate for the two feature selection methods 

used in the initial as well as the pyrosequenced dataset. Figure B shows the number of 

correct classified samples for the deployed model. 
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Figure 3.6 PCA separations for PIK3CA model selection 

Figure A shows the separation done by A%OVA with thirty features. The dashed black 

line shows the separation between the mutated samples (black) and the wild type 

samples (grey). Between the dashed and the solid black line is a band with a mix of 

mutated and wild type samples. Figure B shows the separation done by the combination 

of A%OVA and genetic algorithm with twenty features, which gave more of a mixture of 

the two classes than a clear separation. 

 

 

Table 3.4 PIK3CA’s features for the best model in the pyrosequenced dataset 

The best model was the classifier that used A%OVA with thirty features, the 

misclassification was 101, the gamma parameter was 0.01 and the coef0 was zero. 

Probe Set ID 
Gene 

Symbol 
Gene Title 

1554143_a_at SUGT1L1 
SGT1, suppressor of G2 allele of SKP1 like 1 

(S. cerevisiae) 

1555743_s_at --- C33.6 unnamed HERV-H protein 

1555811_at ARHGDIB Rho GDP dissociation inhibitor (GDI) beta 

1559340_at C9orf148 chromosome 9 open reading frame 148 

1569153_at --- Homo sapiens, clone IMAGE:4551281, mRNA 

1569154_a_at --- Homo sapiens, clone IMAGE:4551281, mRNA 

200863_s_at RAB11A RAB11A, member RAS oncogene family 

201012_at ANXA1 Annexin A1 

A B 
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Table 3.4 contd. PIK3CA’s features for the best model in the pyrosequenced 

dataset 

203463_s_at EPN2 epsin 2 

205896_at SLC22A4 
solute carrier family 22 (organic cation transporter), 
Member 4 

206886_x_at GH1 growth hormone 1 

212947_at SLC9A8 
solute carrier family 9 (sodium/hydrogen exchanger), 
Member 8 

218168_s_at CABC1 
chaperone, ABC1 activity of bc1 complex homolog 
(S. pombe) 

219648_at MREG Melanoregulin 

220800_s_at TMOD3 tropomodulin 3 (ubiquitous) 

223078_s_at TMOD3 tropomodulin 3 (ubiquitous) 

224318_s_at KIAA1310 KIAA1310 

224882_at ACSS1 acyl-CoA synthetase short-chain family member 1 

228395_at GLT8D1 Glycosyltransferase 8 domain containing 1 

229031_at --- CDNA FLJ25763 fis, clone TST06294 

229111_at --- Transcribed locus 

229741_at MGC3260 Hypothetical protein MGC3260 

230366_at --- 
Transcribed locus, strongly similar to XP_001145814.1 
PREDICTED: hypothetical protein [Pan troglodytes] 

230974_at DDX19B DEAD (Asp-Glu-Ala-As) box polypeptide 19B 

231026_at EFHC1 EF-hand domain (C-terminal) containing 1 

233011_at ANXA1 Annexin A1 

236642_at --- Transcribed locus 

238953_at --- CDNA clone IMAGE:5206119 

241321_at --- Transcribed locus 

243547_at FLJ39639 hypothetical protein FLJ39639 
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3.2 Correlation between Gene Expression & Dukes’ Stages 

3.2.1 BRAF 

To investigate if there was any correlation between the Dukes’ stage and the mutation 

information in the pyrosequenced dataset, PCA plots were used. For BRAF the best 

separation was achieved with ten features selected by ANOVA. The mutated samples 

were separated from the main wild type cluster, although some wild type samples had 

moved away together with the mutated samples. In addition there was a clear 

distinguish between the mutated samples with different Dukes’ stages. The samples 

with Dukes’ stage A and B were grouped together (A/B). However there was not any 

mutated BRAF samples with Dukes’ stage A and therefore it mainly affected the wild 

type samples. The mutated Dukes’ stage A/B samples were grouped at the bottom while 

the C samples were located at the top. There was only one mutated Dukes’ stage C 

sample that was misclassified and ended up with the A/B samples. In the mutated 

Dukes’ A/B cluster, there were also a few wild type samples, mainly of Dukes’ stage 

A/B (Figure 3.7). The separation was based on ten features, which are listed in table 

3.5Table 3.5. 

 

Half of the ten features used for the separation were also selected for the best BRAF 

model in the model selection part. Features used in both of the separations are written in 

bold. 
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Figure 3.7 Separation for BRAF and Dukes’ stages with ten features 

The wild type samples (grey) were mainly grouped together in a big cluster, while the 

mutated samples (black) formed two additional clusters. One cluster contained the 

Dukes’ stage C (triangles) samples, the other contained the A/B samples (circles), and 

one misclassified C sample. 
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Table 3.5 The ten features used for separation of Dukes’ stages in BRAF 

The features are sorted on their importance for the separation, with the highest 

importance at the top. Features written in bold were also selected for the best BRAF 

model in the model selection. 

Probeset ID 
Gene 

Symbol 
Gene Title 

1559405_a_at TRPV6 
transient receptor potential cation channel, 

subfamily V, member 6 

1555420_a_at KLF7 Krüppel-like factor 7 (ubiquitous) 

238482_at KLF7 Krüppel-like factor 7 (ubiquitous) 

227341_at C10orf30 chromosome 10 open reading frame 30 

212579_at SMCHD1 
structural maintenance of chromosomes 

flexible hinge domain containing 1 

204718_at EPHB6 EPH receptor B6 

215386_at --- CDNA FLJ12396 fis, clone MAMMA1002758 

242271_at SLC26A9 solute carrier family 26, member 9 

202520_s_at MLH1 
mutL homolog 1, colon cancer, 

nonpolyposis type 2 (E. coli) 

231472_at FBXO15 F-box protein 15 

 

3.2.2 KRAS 

For KRAS no obvious correlation could be found between the Dukes’ stages and the 

mutation information. The samples with Dukes’ stage A and B were grouped together in 

KRAS, even though there were some mutated samples with Dukes’ stage A. With thirty 

features, the main part of the mutated samples and a few wild type samples had moved 

out from the main wild type cluster. However, there was no clear separation between the 

two classes (Figure 3.8). Even if the separation was not particular good, the features are 

listed in Table 3.6. 
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Figure 3.8 Separation for KRAS and Dukes’ stages with thirty features 

The samples with Dukes’ stage A and B were grouped together (circles). The mutated 

KRAS samples (black) have moved to the left but there was no clear distinguish between 

them and the wild type samples (grey). There was no separation between samples with 

Dukes’ stage A/B and C (triangles). 

 

Eighteen of the thirty features used for this separation were also selected for the best 

KRAS model in the model selection step. The features that were in common for the two 

separations were a mix of known genes, transcribed locus and complementary DNA 

clones. The features used in both separations are written in bold in Table 3.6. 
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Table 3.6 The thirty features used for separation of Dukes’ stages in KRAS 

The features are sorted on their importance for the separation, with the highest 

importance at the top. Features written in bold were in common for this separation and 

the best KRAS model separation. 

Probeset ID 
Gene 

Symbol 
Gene Title 

222921_s_at HEY2 hairy/enhancer-of-split related with YRPW motif 2 

223741_s_at TTYH2 tweety homolog 2 (Drosophila) 

207380_x_at ;OX1 ;ADPH oxidase 1 

226186_at --- CD;A clone IMAGE:5301189 

220442_at GAL;T4 
UDP-;-acetyl-alpha-D-galactosamine:polypeptide 

;-acetylgalactosaminyltransferase 4 (Gal;Ac-T4) 

204004_at PAWR PRKC, apoptosis, WT1, regulator 

40687_at GJA4 gap junction protein, alpha 4, 37kDa 

1564064_a_at ATP11B ATPase, class VI, type 11B 

1566113_at --- CD;A: FLJ23262 fis, clone COL05922 

204904_at GJA4 gap junction protein, alpha 4, 37kDa 

229493_at --- CD;A clone IMAGE:4131196 

219042_at LZTS1 leucine zipper, putative tumor suppressor 1 

209200_at MEF2C myocyte enhancer factor 2C 

203402_at KC;AB2 
potassium voltage-gated channel, 

shaker-related subfamily, beta member 2 

205152_at SLC6A1 
solute carrier family 6  

(neurotransmitter transporter, GABA), member 1 

1556012_at KLHDC7A kelch domain containing 7A 

232916_at --- CD;A FLJ12097 fis, clone HEMBB1002617 

229822_at --- Transcribed locus 

206331_at CALCRL calcitonin receptor-like 

234996_at CALCRL calcitonin receptor-like 

221060_s_at TLR4 toll-like receptor 4 

212699_at SCAMP5 secretory carrier membrane protein 5 

210808_s_at ;OX1 ;ADPH oxidase 1 

209047_at AQP1 aquaporin 1 (Colton blood group) 
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Table 3.6 contd. The thirty features used for separation of Dukes’ stages in KRAS 

228424_at ;AALADL1 ;-acetylated alpha-linked acidic dipeptidase-like 1 

224925_at PREX1 
Phosphatidylinositol 

3,4,5-trisphosphate-dependent RAC exchanger 1 

1553794_at STOML3 stomatin (EPB72)-like 3 

238879_at --- CD;A FLJ38454 fis, clone FEBRA2019690 

213592_at AGTRL1 angiotensin II receptor-like 1 

224341_x_at TLR4 toll-like receptor 4 

 

3.2.3 PIK3CA 

In PIK3CA, the samples with Dukes’ stage A and B were separated; one sample moved 

far away leaving the others in a big cluster. With twenty features (Table 3.7), PCA plot 

had the Dukes’ stage A sample far away, but more interestingly at the bottom, a cluster 

of mutated Dukes’ stage C samples had been formed. However, two of the stage C 

samples were in the big cluster together with the samples of Dukes’ stage B and wild 

type (Figure 3.9). 

 

Out of the twenty features used for this separation, only two of them were used in the 

model selection’s best PIK3CA model. The features that were used in both cases were a 

Homo sapiens mRNA clone (1569154_a_at) and a hypothetical protein. Both of these 

are written in bold in the featurelist (Table 3.7). 
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Figure 3.9 Separation for PIK3CA and Dukes’ stages with twenty features 

For PIK3CA the mutated sample with Dukes’ stage A (black circle) was separated far 

away from the main cluster. The main cluster consisted of wild type samples (grey) and 

PIK3CA mutated samples with Dukes’ stage B (black squares). Six out of eight mutated 

PIK3CA samples with Dukes’ stage C (black triangles) had formed a cluster in the left 

bottom corner (black ellipse). 
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Table 3.7 The twenty features used for separation of Dukes’ stages in PIK3CA 

The features are sorted on their importance for the separation, with the highest 

importance at the top. Features written in bold were used for both this separation and 

for the best PIK3CA model in the model selection. 

Probeset ID 
Gene 

Symbol 
Gene Title 

208339_at 
XKRY /// 

XKRY2 

XK, Kell blood group complex subunit-related, 

Y-linked /// XK, Kell blood group complex 

subunit-related, Y-linked 2 

229475_at MAEL maelstrom homolog (Drosophila) 

1569878_at CCNYL2 cyclin Y-like 2 

206218_at MAGEB2 melanoma antigen family B, 2 

1562601_at UNQ6975 NGNL6975 

234250_at --- 
Full-length cDNA clone CS0DJ014YP15 of T cells 

(Jurkat cell line) Cot 10-normalized of Homo sapiens  

233705_at --- CDNA: FLJ21454 fis, clone COL04629 

222678_s_at DCUN1D1 
DCN1, defective in cullin neddylation 1, 

domain containing 1 (S. cerevisiae) 

215356_at TDRD12 tudor domain containing 12 

206685_at HCG4 HLA complex group 4 

1553850_at C21orf88 chromosome 21 open reading frame 88 

236558_at --- --- 

240818_at --- 
Transcribed locus, moderately similar to 

NP_899234.1 ovochymase 1 [Homo sapiens] 

206450_at DBH 
dopamine beta-hydroxylase 

(dopamine beta-monooxygenase) 

236548_at GIPC2 GIPC PDZ domain containing family, member 2 

1569154_a_at --- Homo sapiens, clone IMAGE:4551281, mR;A 

241526_at --- Transcribed locus 

214859_at FSTL4 follistatin-like 4 

210292_s_at 
PCDH11X /// 

PCDH11Y 

protocadherin 11 X-linked /// 

protocadherin 11 Y-linked 

229741_at MGC3260 Hypothetical protein MGC3260 
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3.3 BRAF & KRAS Separation 

3.3.1 Kim et al.’s Classifiers 

Kim et al. published a paper in 2006 that included two classifiers for separation of 

BRAF and KRAS samples. These two classifiers were tested on the pyrosequenced 

dataset to analyse their ability to separate the samples in this dataset. The genes used in 

their classifiers in many cases corresponded to several featuresets in the pyrosequenced 

dataset. When all these features were used neither BRAF nor the KRAS mutated 

samples were separated from the main cluster for either of the two classifiers (Figure 

3.10). 

 

In Kim et al.’s paper the first classifier contained 98 features and the second contained 

80 features. To use the same number of features in the separation as Kim et al. did 

ANOVA was used for feature selection. For the first classifier all mutated BRAF 

samples except one was separated from the main cluster, although some wild type 

samples were also grouped together with the mutated samples (Figure 3.10A). The 

KRAS samples did not show as good separation as the BRAF samples. A few of the 

KRAS mutated samples were separated from the rest of the samples but the main part of 

them was in the cluster together with the wild type samples (Figure 3.11B). 
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Figure 3.10 Separation by Kim et al.’s classifiers with all features 

Figure A and B shows the poor separation done by the first of Kim et al.’s classifiers on 

the pyrosequenced dataset, while figure C and D shows the poor separation with all 

features for the second classifier. The BRAF separation is shown in figure A and C, and 

the KRAS separation in figure B and D. 

 

B 

C D 
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Figure 3.11 Separation by Kim et al.’s first classifier, 98 features 

Figure A shows the BRAF and figure B the KRAS separation done by Kim et al.’s first 

classifier, consisting of 98 features selected by A%OVA. The BRAF samples showed a 

quite good separation (black line) between the mutated (black) and the wild type 

samples (grey) with only one mutated sample misclassified. KRAS did not show much of 

a separation at all between the two different classes. 

 

The second classifier did not achieve a separation between the classes when all features 

were used (Figure 3.10C, D). When ANOVA was used to reduce the number of features 

to eighty, there was some separation of the mutated BRAF samples and the wild type 

samples. However, there was no clear border between the mutated and wild type 

samples, the black line in Figure 3.12A shows a possible separator for the two classes. 

For KRAS the mutated samples were grouped together with the main wild type sample. 

Nevertheless, the first principal component separated some wild type samples from the 

main cluster (Figure 3.12B). 

 

B A 
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Figure 3.12 Separation by Kim et al.’s second classifier, 80 features 

Figure A shows the BRAF and figure B the KRAS separation done by Kim et al.’s 

second classifier, consisting of 80 features selected by A%OVA. The BRAF samples 

showed a quite good separation (black line) between the mutated (black) and the wild 

type samples (grey) with only two mutated sample misclassified. KRAS did not show 

much of a separation at all between the two different classes; instead, some of the wild 

type samples were separated from the rest of the samples. 

 

3.3.2 BRAF & KRAS Samples Only 

The pyrosequenced dataset was reduced to contain only the 26 samples with either a 

single BRAF or KRAS mutation. Already with ten features (Table 3.8) selected by 

ANOVA, the separation between the two groups was perfect (Figure 3.13). 

 

From these ten features the three Krüppel-like factor 7 (KLF7) were used in the best 

model for the BRAF model selection. In the best model for the KRAS model selection   

both of the NADPH oxidase 1 (NOX1) features and the last transcribed locus 

(242652_at) were used. 

 

A B 
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Figure 3.13 Separation of mutated BRAF and KRAS samples 

The pyrosequenced samples containing a single BRAF (black circles) or KRAS (grey 

circles) mutation showed a perfect separation (the black line) with ten features selected 

by A%OVA. 

 

Table 3.8 BRAF and KRAS separation features 

These ten features were used for the separation of the 26 samples containing either a 

single BRAF or KRAS mutation, in the pyrosequenced dataset. 

Probe Set ID 
Gene 

Symbol 
Gene Title 

1555420_a_at KLF7 Krüppel-like factor 7 (ubiquitous) 

204334_at KLF7 Krüppel-like factor 7 (ubiquitous) 

207380_x_at NOX1 NADPH oxidase 1 

210808_s_at NOX1 NADPH oxidase 1 

210822_at LOC283345 RPL13-2 pseudogene 

218738_s_at RNF138 ring finger protein 138 

219221_at ZBTB38 zinc finger and BTB domain containing 38 

238482_at KLF7 Krüppel-like factor 7 (ubiquitous) 

240815_at --- Transcribed locus 

242652_at --- Transcribed locus 
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Chapter 4: Discussion 

4.1 Model Selection 

The pyrosequencing corrected the initial dataset by adding 15 mutated samples and 

removing two samples that were not mutated. The intuitive idea was that this should 

improve the normalized correction rates in the model selection. However in many cases 

the opposite was seen, the initial dataset still had the highest normalized correction rates 

for most of the featuresets. A possible reason can be that the samples with low mutation 

percentage add noise in the group of mutated samples, which makes it more difficult to 

distinguish them from the wild type samples. The pyrosequencing also changed the 

proportions of mutated samples versus wild type samples, which can affect the 

normalized correction rate, since it is based on the fraction of correct classified samples 

in each class. 

 

Even though the initial dataset in many cases had higher normalized correction rates 

than the pyrosequenced dataset, the pyrosequenced dataset had the most correct 

information about mutated samples. Therefore, the discussion below, about the best 

model, will be based on the pyrosequenced dataset. 

 

When the normalized correction rates were compared between the classifiers with the 

combination of ANOVA and genetic algorithm and those with ANOVA alone it has to 

be borne in mind that the combination might overestimates the rate. In the combination 

the whole dataset were used during the ANOVA selection and therefore was not the 

left-out partition, in the cross-validation totally unseen for the classifier. 
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BRAF gave a better separation than both KRAS and PIK3CA, this can depend on a 

more distinct difference in the genotype between mutated and wild type samples in 

BRAF. However, another essential factor can be that the BRAF analyses were based on 

a single codon. While for KRAS, the mutations in two different codons were grouped 

together and for PIK3CA it was four different codons. If mutations in different codons 

give different changes in the genotype the grouping of the regions might give an 

inconsistent pattern making it unnecessary difficult for the classifier to separate the 

samples. Another possible reason for the separation difficulties can originate from the 

limited amount of codons sequenced. There is a possibility that mutations in non-

sequenced codons can give rise to a genotype pattern similar to those from mutations in 

sequenced codons. The mutations can be located in another codon in the same gene or 

in a totally different gene in the pathway. If this is the case, the question is if those 

samples actually shall be dealt with as misclassifications or if they also benefit from a 

particular drug. 

 

4.1.1 BRAF 

In the pyrosequenced dataset for BRAF, the classifiers with the combination of 

ANOVA and genetic algorithm had higher normalized correction rate for all featuresets 

except the smallest. When the number of correct classified samples was added to the 

picture of the best model, the focus slightly changed. Since the ANOVA classifiers had 

more correct classified samples for the first three featuresets than those with the 

combination of ANOVA and genetic algorithm. For the featureset with forty features 

both feature selection methods correct classified all samples. Since the classifier shall be 

used to decide which patients that is more likely to benefit from a drug such as a BRAF 
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inhibitor, it is more important to have many correct classified samples than a high 

normalized correction rate (Figure 3.1). On these premises, the classifier with ANOVA 

and twenty features seemed to be a good choice. It has a high level of correct classified 

samples and the number of features is small enough to be used for patient classification.  

 

The PCA plot of the sample separation shows that for ANOVA with twenty features 

only one mutated BRAF samples ended up in the wrong cluster. In addition, there were 

a few wild type samples together with the mutated samples (Figure 3.2A).  However, it 

is possible that these wild type patients can benefit in the same way as mutated BRAF 

patients from a BRAF drug, since they all had a similar gene expression pattern. 

 

As a comparison the PCA plots for ANOVA with forty features and the combination of 

ANOVA and genetic algorithm with forty features are shown in Figure 3.2B and C. 

Both of these had all samples correct classified according to the deployed model but the 

PCA plots reveal that the separation is not better than for ANOVA with twenty features. 

Since the measuring and evaluation is easier the fewer variables that are used, the PCA 

plots give favour to the ANOVA method with twenty features. 

 

When all different measurements of the classification were tied together, the classifier 

with ANOVA and twenty features was the best model. This model gave a good 

separation between the mutated and wild type samples and therefore it seems likely that 

the differences in the genotype correspond to the BRAF mutational status. 
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Of the twenty features selected in the best model only the mutL homolog 1, colon 

cancer, nonpolyposis type 2 (MLH1) gene, is presented on KEGG’s colon cancer map 

(Kanehisa Laboratories in the Bioinformatics Center & the Human Genome Center of 

the University of Tokyo., 2008). The MLH1 gene is a DNA mismatch repair gene, 

which is involved in a part of the TGF-β (transforming growth factor-beta) signalling 

pathway that only occurs in microsatellite unstable patients. It had a two to four-fold 

down-regulation in seven mutated and two wild type samples. This correlates with the 

study done by Kuismanen et al, which shows that inactivation of MLH1 has a close 

connection with colorectal cancer in microsatellite unstable patients (Kuismanen et al., 

2000). 

 

The cell surface molecule CD109 had big variations in the intensity levels even within 

the wild type group. Nevertheless, there were six mutated and two wild type samples 

with a two-fold increase of the intensity compared with the rest of the samples. In other 

studies over expression of this molecule is mainly found in squamous cell carcinomas 

from different kind of organs, such as lung and cervix. It is also found to be over 

expressed in a subtype of breast cancer called basal-like breast carcinoma (Hashimoto et 

al., 2004; Jing-min et al., 2005; Hasegawa et al., 2008). 

 

Krüppel-like factor 7 (KLF7) appeared three times within the featureset and in all cases 

the intensities were down regulated in a large proportion of the mutated samples. The 

down-regulation was between two and four folds. In mice, it is shown that KLF7 is 

involved in the establishment and maintenance and/or survival of neurons (Laub et al., 

2001). However, no published studies have so far investigated the effects of an up or 



 69 

down regulation of the KLF7 gene. The tribbles homolog 2 (TRIB2) gene was up 

regulated with two to four-folds in the BRAF mutated samples. In acute myelogenous 

leukaemia, the TRIB2 transcript is found to be an important part of the disease, but the 

transcript is then down regulated (Keeshan et al., 2006; Keeshan et al., 2008). However, 

these findings are done recently and it is possible that connections will be found 

between TRIB2 and other cancer types in the future. Vav 3 guanine nucleotide 

exchange factor (VAV3) is an oncogene found to be over expressed in both breast and 

prostate cancer. The researchers suggest that VAV3 is involved in the development and 

progression of the cancer tumour (Kiwon et al., 2008; Dong et al., 2006). However, this 

gene was down regulated in the main part of the mutated BRAF samples. The studies 

done on TRIB2 and VAV3 compared normal and cancer tissues while this project 

compared cancer tissue with different mutations. Therefore, it is not sure that the 

regulation pattern seen between normal and cancer tissue corresponds to the pattern 

seen between different cancer tissues. 

 

As mentioned above the KLF7 appeared three times within the featureset, in addition 

SMCHD1 and VAV3 appeared twice. The correlation between the featuresets 

corresponding to the same gene showed a strong correlation with each other giving a 

possible redundancy in the featureset. Probably the separation will be equally good if 

only one of the probesets for each gene is left in the featureset. 
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4.1.2 KRAS 

In KRAS, the normalized correction rate for the classifiers with the combination of 

ANOVA and genetic algorithm, in the pyrosequenced dataset, was higher than for those 

with ANOVA throughout all featuresets. The number of correct classified samples was 

also higher for the combination than for ANOVA alone, except the feature set with forty 

features. To get more than 100 of the 106 samples correct classified, with either feature 

selection method, fifty features had to be used (Figure 3.3B). The separation done by 

the combination with fifty features was compared with the forty featureset for ANOVA 

by analysing the PCA plots (Figure 3.4). None of the PCA plots show a good separation 

between the mutated and the wild type samples. However, in the ANOVA plot the 

mutated samples were more closely grouped on one side of the cluster while they were 

more spread out in combination. Therefore, the separation done by ANOVA probably 

will give a better group of patients to run a clinical trial on. Nevertheless, there is a risk 

that patients, which might benefit from a KRAS drug, can be missed or that a large 

proportion of wild type patients have to be included. 

 

The bad separation could also be seen in the intensity levels of the features, since there 

was an absent of up or down regulation pattern between the mutated and wild type 

samples. Mainly there was one big group with all samples, although the mutated 

samples tended to be on one side of the group and the wild type samples on the other, 

with a diffuse change from one type to the other. As a result, the differences in intensity 

between the two groups of samples became very small and it is almost impossible to 

measure and make decisions depending on them. However, there is one feature, FERM 

and PDZ domain containing 3 (FRMPD3) that differs from the rest by having a two to 
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eight-fold up regulation in twelve mutated and three wild type samples. For codon 12, 

FRMPD3 had the highest correlation (r=0.472) between the mutation percentage and 

intensity levels. It turned out that 11 of the 12 up regulated mutated samples had a 

mutation in codon 12, which is a very significant over representation (p=1·10-6) of 

codon 12 mutated samples. This gene is located on the X-chromosome, but two-thirds 

of the patients with the over expression are males. A possible reason for the pattern can 

be that if one X-chromosome in a female fails the other can take over the responsibility, 

while the males do not have that back up. The role of this gene is unknown, but the 

closely related FERM and PDZ domain containing 1 (FRMPD1) is recently reported to 

be binding partner to a protein containing a G-protein regulatory motif. The protein is 

called activator of G protein signalling 3 (AGS3) and its binding to FRMPD1 seem to 

position the AGS3 in the right membrane environment (An et al., 2008). 

 

As mentioned in chapter 3.1.2 the misclassified samples in KRAS were more or less the 

same samples all the time. From the analysis of them, the misclassified mutated samples 

had a significant (p<0.05) under representation of samples with Dukes’ stage A/B. 

While the correct classified samples had a significant (p<0.05) over representation of 

Dukes’ stage A/B samples (Table 3.1). It indicates that KRAS samples with Dukes’ 

stage C might evolve to look more like wild type tumours than early stage KRAS 

tumours. This visualizes a thought, which could have been obvious but no one was 

thinking of, the fact that when the phenotype of a tumour is altered it probably also 

changes the genotype. With that in mind, it maybe is not too surprising that it is difficult 

to find good classifiers. 
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4.1.3 PIK3CA 

For the pyrosequenced PIK3CA dataset, the classifiers with ANOVA mainly had a 

normalized correction rate between 0.5 and 0.55 but still the deployed model correct 

classified more samples than the KRAS classifiers did. In PIK3CA, ANOVA with thirty 

features even had more correct classified samples than the classifier with combination 

of ANOVA and genetic algorithm. For all other featuresets, the combination both had a 

higher normalized correction rate and number of correct classified samples (Figure 3.5). 

When the combination of feature selection methods used twenty features it managed to 

correct classify all samples. Therefore, a comparison of the separation between the 

combination with twenty features and the ANOVA featureset with thirty features was 

done. The separation with ANOVA gave one separate group of mutated samples and a 

few wild type samples, then a band with a mixture of mutated and wild type samples 

before the main wild type cluster. However, there was not any clear cut between the 

band and the main cluster (Figure 3.6A). For the combination, using twenty features 

there was even more difficult to find a separation between the mutated and wild type 

samples since the wild type samples were spread all over with the mutated samples in 

the left part (Figure 3.6B). Since the idea with the classifier is to make a decision on 

which patients to involve in a clinical trial, it looks more promising to use the classifier 

with ANOVA and thirty features. Since the wild type cluster is gathered together and 

the mutated samples are separated from them. Nevertheless, some patients without a 

mutation will be included in the trial using this classifier. However, as said before, it is 

not sure that these patients do not benefit from the same kind of treatment as the 

mutated patients since all of them have similarities in the genotype pattern. 
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Throughout all model selections, five samples were often misclassified and four of them 

were Dukes’ stage B while the last sample had stage C. For the correct classified 

samples, the proportion was five Dukes’ stage A/B against seven C, although the total 

number of misclassified samples is too small to get a valuable significance level. The 

trend is the opposite to the one seen in KRAS since it this time is the samples with the 

earlier Dukes’ stages that more often are misclassified. However, it still gives support to 

the idea that when the tumour evolve, the phenotype as well as the genotype change. 

 

The variations in the intensities for the different features show exactly the same pattern 

as it did in KRAS. All samples were grouped together, although the mutated samples 

tended to mainly be on one side of the group and the wild type samples on the other. 

Only one feature showed a larger difference in the intensity, annexin A1 (ANXA1), 

which has two mutated sample with a two respective a four-fold up regulation compared 

with all other samples. Up regulation of this gene is found to be associated with the cell 

differentiation in colon adenocarcinoma but at the same time there is no evidence for a 

correlation between the level of ANXA1 and the tumorigenicity (Guzman-Aranguez et 

al., 2005). 

 

4.2 Correlation between Gene Expression & Dukes’ Stages 

The same pattern as the one seen during the model selection is seen in the analysis of 

the correlation between the different genes and Dukes’ stages. BRAF had the best 

separation; with a clear distinguish between the Dukes’ stages in the mutated samples. 

The opposite is seen in KRAS with no separation at between the different Dukes’ 
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stages. In between, PIK3CA is located with a separation of the mutated Dukes’ A and C 

samples from each other and the main cluster. 

 

4.2.1 BRAF 

For BRAF ten features (Table 3.5) gave the best separation between the wild type and 

mutated samples and between the different mutated Dukes’ stages (Figure 3.7). Again 

this enhances the idea that the different tumour phenotypes also harbour differences in 

the genotype. 

 

Half of the ten features had a positive correlation between the mutation percentage and 

the feature intensities. This means that for transient receptor potential cation channel, 

subfamily V, member 6 (TRPV6), structural maintenance of chromosomes flexible 

hinge domain containing 1 (SMCHD1), EPH receptor B6 (EPHB6), solute carrier 

family 26, member 9 (SLC26A9) and F-box protein 15 (FBXO15) the expression levels 

increase when the mutation percentage increase. The other five features had a negative 

correlation. For all ten features the correlation between the mutation percentage and the 

intensities were significant on a level as low as p<0.0001. SLC26A9 had the highest 

positive correlation (r=0.531) between the percentage and the intensities. In the other 

end the KLF7 (probeset ID 238482_at) had almost the same correlation as SLC26A9 

but it was negative. Both of them had nearly the same coefficient of determination, 

since it multiplies the correlation coefficient with itself. The coefficient of determination 

tells how much of the variability in the mutation percentage that is explained by the 

variability in the intensities. For these two samples, 28% of the variability in the 

percentage information could be described by the variability in the intensities. The 
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lowest coefficient of determination for these ten features had MLH1 with 17% 

explained by the intensities variability. Since all of the coefficients of determination 

were low, there has to be one or several other parameters that affect the percentage of 

the mutation and therefore the correlation measurements shall be used with care. 

 

TRPV6 is a calcium ion channel and was the first feature to be selected to achieve the 

separation between the samples. For three samples, this gene had a two to four fold 

increase of the intensity, while in the rest of the samples the intensity levels were more 

or less the same independent of the mutations status. Studies are done showing that the 

TRPV6 gene is up regulated in other cancer types such as breast, prostate and gastric 

cancer with a possible connection to the survival ability of the tumour. There are also 

evidences that inhibition of the receptor can work as a cancer treatment (Bolanz et al., 

2008; Lehen'kyi et al., 2007; Chow et al., 2007). Therefore, it can be interesting with 

further investigations of this gene as a possible colon cancer treatment for patients with 

a BRAF mutation. Hopefully the up regulated pattern of TRPV6 will be found to be a 

general up regulation in BRAF mutated samples. However, it is not sure since there was 

not any BRAF mutated samples with Dukes’ stage A within this dataset. An addition of 

patients with Dukes’ stage A and a mutation in BRAF can dramatically change the gene 

expression pattern. 

 

EPHB6 is an abbreviation for ephrin receptor B6, which also had the pattern of up 

regulation in three samples and almost the same intensities in the rest of them. The three 

up regulated samples were the same samples as those up regulated in TRPV6. This 

receptor are shown to be up regulated in early stages of cancers such as lung cancer and 
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down regulated in later stages of cancers like metastatic melanoma (Tang et al., 1999; 

Muller-Tidow et al., 2005; Hafner et al., 2003). In this study, EPHB6 was up regulated 

in one Dukes’ stage B and two C samples. However, the sampleset is too small to make 

any far-reaching conclusions about the stage of the cancer, dependent on the intensity 

level in the mutated samples. 

 

KLF7, which appeared twice within this featureset, was in both cases down regulated in 

a majority of the mutated and a few wild type samples. As mentioned in chapter 4.1.1 

the down regulation was between two and four folds and is shown to be involved in the 

establishment and maintenance and/or survival of neurons (Laub et al., 2001). Like the 

best BRAF model in the model selection the KLF7 appeared more than once in the 

featureset and the different probesets corresponding for the KLF7 gene showed a strong 

correlation with each other. Therefore, it is probably enough to include one of the 

probesets corresponding for the KLF7 gene in the featureset and still achieve an equally 

good separation. 

 

Gene SLC26A9 had two mutated samples and one wild type sample with 32 to 128-fold 

up-regulation compared with the main cluster of samples. One of these samples was 

also up regulated in TRPV6 and EPHB6.  In addition, there was a group containing 

three mutated and two wild type samples that had a four-fold up-regulation. SLC26A9 

is a chloride ion channel, with high expression in gastric epithelial cells and is shown to 

be inhibited by flufenamic and niflumic acids as well as ammonium ions (Dorwart et al., 

2007; Xu et al., 2005). Since the up-regulation was so distinct in some of the samples, 
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this channel might be an interesting area to analyse further in the perspective of a BRAF 

drug. 

 

4.2.2 KRAS 

KRAS had again troubles with achieving a separation between the mutated and wild 

type samples as well as between the different Dukes’ stages. Thirty features and Dukes’ 

stage A and B grouped together gave the best possible separation, which at least had the 

mutated samples on one side and the wild type samples on the other side of the group. 

However, no separation at all was seen between the different Dukes’ stages (Figure 3.8). 

This is a bit unexpected since there is such a clear pattern for the commonly 

misclassified samples throughout the model selection. 

 

For codon 12, 25 of the thirty features had a significant correlation between the intensity 

level and the mutation percentage, while only 12 of the samples had a significant 

correlation in codon 13 (p<0.05). This is probably dependent on the fact that 24 samples 

have a mutation in codon 12 and only eight samples have a codon 13 mutation. In the 

featureset, the CDNA clone (226186_at) had the highest coefficient of determination 

with a corresponding correlation of -0.398 in codon 12. The correlations were in general 

negative, since 15 of the 25 features with a significant correlation in codon 12, and 11 

of the 12 features with a significant correlation in codon 13 had a negative correlation. 

This means that the expression level of the feature is lower the higher the percentage 

mutation is. 
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There was a large overlap of genes for the best KRAS model and the Dukes’ stage 

analysis; 18 of thirty features were in common with the best KRAS model. A probable 

reason for that can be that the differences in genotype between different Dukes’ stages 

are not particularly different from the differences between the mutated and wild type 

samples. 

 

The pattern of the intensity levels for the features looked the same as it did for the 

KRAS model selection. There was mainly one big group with the mutated samples at 

one end and the wild type in the other with a mix in the middle. The exception were the 

two NADPH oxidase 1 (NOX1) features and the two toll-like receptor 4 (TLR4) 

features, which had an up regulation for a single sample, different sample for the two 

different genes and the stomatin (EPB72)-like 3 (STOML3), which had an up regulation 

in three samples. In all cases, it was a two-fold up regulation. 

 

STOML3 is found to be expressed in the olfactory epithelium, but more recently it is 

also found to be essential in the touch sensation in mice (Goldstein et al., 2003; Wetzel 

et al., 2007). Although it still remain unknown if the up regulation of this gene has any 

disease connection or if there is any other explanation for the up regulation, such as 

better sense of smell or a more sensitive skin. 

 

NOX1 was present two times in the featureset and both time the same single sample 

showed a two-fold up regulation, but there are no evidences for a direct correlation 

between up regulation of NOX1 and colon tumourigenesis (Szanto et al., 2005). 

However, it is recently found that NOX1 activates transcription factor Sp1. The 
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activation gives an oncogenic up regulation of the expression of the vascular endothelial 

growth factor and the angiogenesis, but it also shows that an over expression of NOX1 

alone is not enough to achieve this activation. Therefore, the suggestion is that NOX1 

co-operates with something else to achieve the oncogenic effects (Komatsu et al., 

2008). 

 

4.2.3 PIK3CA 

When the correlation between PIK3CA and the Dukes’ stages were analysed each 

Dukes’ stage had its own class (samples of stage A and B were not grouped together). 

Using twenty features the best separation was achieved, with the stage A sample far 

away and a group of stage C samples in the bottom left corner. However, two C samples 

were still located in the main cluster together with the stage B samples and the wild type 

samples (Figure 3.9). This again supports the idea that the genotype changes together 

with the phenotype and that some stages of the mutated samples looks more similar to 

the wild type samples than to mutated samples of another stage. 

 

The features that were used for the best PIK3CA model in the model selection and those 

for the separation of Dukes’ stages had a very small overlap; two features were in 

common. A probable reason can be that the differences in the genotype for the Dukes’ 

stage have a larger impact on the selected features than the differences between mutated 

and wild type samples alone. This supports the finding that progression in the 

tumourigenesis also changes the gene expression pattern. 
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A large proportion of the features intensities had a pattern similar to KRAS, with one 

group containing all samples and a tendency of having the wild type and mutated 

samples on each side. However, for ten of the features the Dukes’ A sample was 

separated from the rest of the samples, sometimes together with one or two of the 

mutated and/or wild type samples. The up regulations were mainly small, two to eight 

folds. 

 

GIPC PDZ domain containing family, member 2 (GIPC2) was the only feature giving a 

down regulation for a mutated sample. The down regulation was approximately 16-

folds down regulation in a Dukes’ C sample; this corresponds with the study showing 

that the GIPC PDZ domain containing family is down regulated in primary colorectal 

cancer patients (Kirikoshi & Katoh, 2002). However, the down regulation was only seen 

in a single sample and inductions shall therefore be done with caution. 

 

Another interesting feature is tudor domain containing 12 (TDRD12) since it had a 64-

fold up regulation in the only sample with a mutation in codon 546. In addition this 

feature had the highest correlation between the mutation percentage in codon 546 and 

the intensity levels (r=0.705), it was also highest in comparison with all the other 

PIK3CA codons. The function of TDRD12 is still unknown but it seems to be present in 

several RNA binding proteins (National Center for Biotechnology Information, 2008). 
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4.3 BRAF & KRAS Separation 

4.3.1 Kim et al.’s Classifiers 

Kim et al.’s classifiers were not particularly good in separating the BRAF and KRAS 

samples neither from each other nor from the wild type samples in the pyrosequenced 

dataset. It corresponds with other studies, which show that the reproducibility for a 

classifier on new datasets is bad. The study by Chuang et al. (2007) compares two 

different classifiers for breast cancer metastasis from two different studies. In both 

studies a list of seventy genes used for the classification were generated, but only three 

of the genes were in common for both datasets. A possible reason can be that there are 

differences in the genotype throughout the population even though they do not have any 

disease. To some extent these differences can accidently correlate with the metastasis 

and these genes are then included in the classifiers even though they do not have 

anything to do with the disease. Genes that are included in the classifier due to “normal” 

variations will differ depending of the samples used. 

 

Another possible explanation for the poor reproducibility can be that a common pattern 

does not exist in colon cancer patients. If the researchers then try to force the samples 

into a pattern, it is not unlikely that different pattern arise depending on the samples 

involved. This is an area, which still is badly understood, and the future will hopefully 

bring more understanding into it. 
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4.3.2 BRAF & KRAS Separation 

For the separation of the samples in the pyrosequenced dataset that only harboured a 

BRAF or KRAS mutation ten features were needed (Table 3.8). As mentioned in 

chapter 3.3.2 the three KLF7 were used in the best BRAF model and both NOX1 

features and the last transcribed locus (242652_at) were used in the best KRAS model. 

Since the separation was so clear there has to be differences in the genotype between the 

two classes. It was confirmed from the intensity levels that there actually were 

differences in the gene expression. For nine of the features (zinc finger and BTB 

domain containing 38 excluded) the intensity levels were different between the BRAF 

and KRAS samples. The differences were mainly quite small, with an up regulation of 

KRAS for all features except ring finger protein 138 (RNF138). For KLF7 and NOX1 

this correlates with the earlier results that KLF7 is down regulated in BRAF and NOX1 

is up regulated in KRAS mutated samples. RNF138, which was the only feature with an 

up regulation in BRAF, are shown to down regulate target genes for the Wnt-signalling. 

This down regulation might promote the tumourigenesis (Yamada et al., 2006). 
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Chapter 5: Conclusions & Future Work 

The analyses revealed that there were differences in the gene expression between the 

samples with a BRAF mutation and those without. These differences made it possible to 

separate the mutated samples from most of the wild type samples. It also enabled a 

separation of the different mutated Dukes’ stages based on differences in the gene 

expressions.  

 

In KRAS, differences in gene expression between the mutated and wild type samples 

did not appear to be as obvious as they were for BRAF, giving a poor separation of the 

samples. For the different Dukes’ stages, no separation could be seen what so ever. Due 

to those findings, it would be difficult to identify a group of patients with a potential 

benefit from a KRAS drug. 

  

In PIK3CA, there were differences in the gene expression, which separated some of the 

mutated samples from all the rest. The remaining mutated samples had a genotype that 

looked like some of the wild type samples; however, the genotype differed from the 

main wild type samples. Based on the differences in the gene expression the Dukes’ 

stage A and C were separated from each other and from the rest of the samples. 

 

Since BRAF and PIK3CA had differences in the genotype between the mutated and 

none mutated samples, it could be possible to find a drug, such as a BRAF or PIK3CA 

inhibitor, which only the patients with a certain mutation would benefit from. To find 

the groups of patients that might benefit from a certain kind of drug a classifier, such as 

a support vector machine, could be used. However, only looking at the mutational status 
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for the BRAF and PIK3CA genes did not tell the whole story since the different Dukes’ 

stages also were separated from each other. Therefore, it has to be differences in the 

genotype between the mutated samples with different stages. These genotype 

differences could maybe be used to target a treatment not only to patients with a 

mutation but also to patients with a certain mutation and tumour stage. This could 

increase the rate of patients benefit from the particular drug. 

 

The analyses were run on BRAF, KRAS and PIK3CA with both the rough ANOVA 

method and the refined combination of ANOVA and genetic algorithm as feature 

selection methods for the support vector machines. In addition the four kernel functions 

(linear, polynomial, radial base function and sigmoid) and different misclassification 

costs were tested for the classifier, which then was evaluated by cross-validation. So far, 

all objectives were met, but the last objective that the best model should be tested on 

another dataset, totally unseen for the classifier was not done. The reason was that there 

was not any other public available dataset, which contained the mutational status for the 

genes and codons used in this project. 

 

In the future, it could be possible to find biomarkers based on this kind of research. 

However, before it can be done based on the results in this project more analyses have 

to be done. The models have to be evaluated on other datasets to ensure that the patterns 

found in this project do not only depend on the samples used. This would be particularly 

interesting for BRAF and PIK3CA since they showed the ability to separate the Dukes’ 

stages. 
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For KRAS but also for PIK3CA it would be worthwhile investigate the separations 

achieved with only one codon involved in the analysis. This could reveal genotype 

differences between mutations in different codons. Before these analyses can be done a 

larger set of samples will be required with more mutations for every codon. 
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