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 Introduction 

Cancer causes the highest number of deaths among all diseases occurring in economically 

developed countries and is on the second rank in developing nations [1]. In recent decades, 

major advancements in the understanding of epidemiology, pathology, and pathogenesis of 

different cancer types as well as in the development of novel treatments have been achieved 

[2ï4]. The course of disease and therapy success are, amongst others, influenced by 

molecular factors such as transcriptional and mutational patterns [3]. Therefore, a better 

understanding of genomic mechanisms underlying tumor development in e.g. gastric cancer 

(GC) and inflammation-triggered colorectal cancer could improve the patientôs outcome. The 

application of next generation sequencing (NGS) has enabled researchers to acquire 

genome-wide insights into the mutational landscape of an individual tumor type at nucleotide 

level [4ï7]. Thereby, all published large-scale data sets from cancer studies revealed an 

unforeseen complexity of the molecular landscape and highlighted the extensive dynamics 

behind tumor initiation and progression.  

1.1 General characteristics of cancer 

A tumor is a population of abnormal cells, which are characterized by continuous growth and 

uncontrolled cell divisions [8]. Tumor development is a multistep process caused by a 

combination of environmental and genetic factors [3, 9, 10]. At least three to seven mutations 

are necesssary, whereby patients with germline mutations can be predisposed to cancer [10]. 

In the first phase of cancer, genetic modifications as well as altered activation of processes 

associated with the cell cycle cause an increased proliferation rate and extended lifespan of a 

cell. During clonal expansion, further variants supporting the selective advantage may arise. 

This results in benign adenomas of increasing size, which can later develop to malignant 

carcinoma. In the final phase, cancer cells invade surrounding normal tissues and organs, 

grow in the mesenchyme at the primary site, and may start to metastasize by infiltrating blood 

and lymphatic vessels [8, 11]. More than hundred distinct tumor types affecting all kinds of 

tissues exist. These tumor types can vary in their pathological and molecular characteristics, 

aggressiveness as well as in their response to specific therapies [11]. However, many features 

of pathogenesis are common between all tumor types, such as altered genes and processes 

involved in survival, proliferation, and metastasis. Six common characteristics were reported 

as hallmarks of cancer by Douglas Hanahan and Robert Weinberg in 2000 [8]. These include 

(i) óself-sufficient in growth signalô, (ii) óinsensitivity to growth-inhibitory signalsô, (iii) óevasion of 

programmed cell death (apoptosis)ô, (iv) ólimitless replicative potentialô, (v) ósustained 

angiogenesisô meaning the formation of new blood vessels from pre-existing vessels, and 

(vi) ótissue invasion and metastasisô. In the year 2011, Hanahan and Weinberg extended these 
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features by the following four characteristics [2]: (i) metabolism reconstruction to enable 

continuous cell growth and proliferation, (ii) immune system evasion by cancer cells 

demonstrating that the immune system can support or suppress tumor development and 

progression, (iii) genomic instability including random mutations and chromosomal 

rearrangements to create genomic diversity and to strengthen cancer cells by increasing the 

activity of cellular proto-oncogenes or reducing the power of tumor suppressor genes [12], and 

(iv) infiltrating cells of the innate and adaptive immune system to enhance tumorigenesis and 

progression by providing cancer-supporting substances to the tumor microenvironment, such 

as growth, proangiogenic, and survival factors as well as extracellular matrix-modifying 

enzymes that enable invasion and metastasis [2]. 

To characterize tumors, Sobin et al. developed the most commonly used TNM system for 

cancer staging [13], which was also applied for the GC samples during my studies (box 1).  

In summary, cancer describes a group of complex diseases caused by environmental and 

genetic factors. For many kind of tumors, the molecular background is not completely 

understood yet and therefore, successful therapies are missing. Two examples for solid 

cancers are sporadic gastric carcinoma and inflammation-associated colorectal cancer, which 

were investigated in my studies.  

Box 1 TNM cancer staging system 

In the TNM cancer staging system, each letter followed by a number describes one specific 

feature of the cancer stage: 'T' followed by a number between zero and four describes the 

size and extent of the primary tumor. Thereby, a higher value indicates a larger tumor. The 

letter 'N' refers to the number of lymph nodes that are affected by cancer and located nearby, 

while 'M' delivers information about the existence of metastasis. The nomenclature can be 

optional extended by further tumor characteristics: The parameter 'G' describes the 

histopathological grading of the cancer cells using a scale ranging from one to four. One 

refers to a tumor cell structure, which is similar to normal cells, while four characterizes 

poorly differentiated cancer cells. The letters 'L' or 'V' indicate whether lymphatic vessels or 

veins are invaded. Finally, an 'R' indicates whether tumor removal was complete or whether 

resection-boundaries still harbor cancer lesions after surgery. 

Example: 'T4 N1 L0 V0 R0 G2' refers to a tumor, which is growing into the subserosa layer, 

has spread to one or two nearby lymph nodes, but neither lymphatic vessels nor veins are 

invaded. The tumor cells would be moderately differentiated.  
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1.2 Gastric carcinoma 

1.2.1 Characteristics of gastric cancer  

Gastric cancer (GC), also named as stomach cancer, is a complex disease, which is caused 

by environmental and genetic factors [14, 15]. The main cause for tumor development is an 

infection with the bacterium Helicobacter pylori (H. pylori). This factor is involved in 65-80% of 

all GCs [16], while heritability contributes to around 28% of the susceptibility to GC [15]. Also 

obesity and lifestyle influence the development of GC. While smoking and consumption of 

some food products, such as fat, red meat, alcohol, chili pepper, and salt lead to a higher GC 

risk, intake of fresh fruits, vegetables (allium family), and certain micronutrients (selenium, 

vitamin C) have a protective effect [14]. Other risk factors, including infection of Epstein-Barr 

virus (EBV) or JC virus (human polyomavirus) and radiation, have probably only a small impact 

on GC [14]. 

Almost one million new cases of GC are diagnosed every year worldwide. Thus, GC is still 

ranked together with cancers of lung, colorectum, and breast among the four most common 

malignancies in the world and causes 10% of all cancer deaths worldwide [1, 17], although GC 

rates have decreased in most parts of the world since the early 1980s [18]. Diagnoses of GC 

are more abundant in Western and Northern Europe, Australia, New Zealand, and North 

America, while GC is less often observed in Asia and Saharan Africa [1]. Geographical 

variations are mainly based on dietary differences and the incidence of H. pylori infection [1], 

but GC is also unequally distributed within each population. In particular, GC is two times 

higher in males than in females [1]. The cancer risk steadily increases after the age of 40 years 

with the main diagnosis peak in the seventh decade of life [17]. Four treatment approaches 

are currently used in cancer therapies: Removal of the tumor and lymph node dissection is the 

most effective option in early stage GC. This surgery is often combined with a more unspecific 

chemotherapy, which regulates cell division and growth signals. As alternative, GC can be 

treated with targeted therapies, in which drugs or antibodies are applied to identify and attack 

cancer cells. This method is very precise and reduces damage to healthy tissue. A similar 

principle is used in immunotherapy, in which the immune system of the patient is triggered with 

immune tumor vaccines or antitumor antibodies. Besides the options of surgery and drug 

treatment, radiation can be applied to attack cancer cells [19]. Although all described therapy 

forms are applied and continuously improved, GC shows a 5-year survival rate of only 10-30% 

[17]. The low treatment success of GC is mainly due to a first diagnoses at an advanced, 

mostly metastasized stage [17]. One reason for late detection is a lack of specific symptoms 

in early stage GC. Complaints in an early stage include only features such as an impaired 

digestion (dyspepsia) [17]. In a more advanced stage, GC is characterized by weight loss, the 
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eating disorder anorexia, vague abdominal pain, nausea, vomiting or bloody stool, and early 

satiety [17].  

In summary, although the number of GC diagnoses decreases in developed countries and 

treatment approaches are improving, GC is still one of the malignancies with highest incidence 

rate and a poor survival prognosis [14, 17, 19]. GC is often first diagnosed at a late stage, for 

which appropriate therapies are still lacking. A better understanding of underlying molecular 

processes contributing to GC would help to improve existing therapies and to develop novel 

treatment approaches [17]. Thereby, it is important to consider also differences between tumor 

types and stages. 

1.2.2 Tumor types and stages in gastric cancer 

Gastric malignancies can be categorized in six classes according to histological 

characteristics: While the relative abundances of gastric lymphomas (1-5%), gastrointestinal 

stromal tumors (2%), carcinoids (1%), adenocanthomas (1%), and squamous cell carcinomas 

are low, most tumors belong to the group of adenocarcinomas (90-95%) [20]. Based on 

histological and growth patterns, the latter can be further subdivided into the two main 

categories of the intestinal (54%) and the diffuse type (32%) [17, 21]. Intestinal type tumors 

feature a decreased amount of stroma as well as an irregular flat cell shape. The cell structure 

is similar to those in a healthy mucosa [17, 22]. This tumor type is mainly triggered by 

environmental factors, is often a complication of multifocal atrophic gastritis and is more 

frequent among elderly males [17, 22]. In most cases, intestinal type tumors arise from 

intestinal metaplasia as preliminary stage. The tumor origin is more frequently located in the 

proximal part, but the tumor can spread from the surface epithelium to the antrum, which is an 

expansion of the esophagus near the stomach [17, 23]. In general, intestinal-type tumors grow 

by extension rather than by infiltration [17]. In the diffuse type, cells lack cohesion. This leads 

to reduced gland formation and enables the tumor to invade into all layers of the stomach wall 

[17, 22, 23]. In contrast to the intestinal type, the diffuse type arises equally often in both 

genders, is associated with an onset in younger patients, and has mostly a genetic origin. The 

diffuse type is more aggressive and characterized by a worse outcome than the intestinal type 

[17, 23, 24]. 

The pathogenesis of sporadic GC is mainly based on either the microsatellite stable (MSS) or 

the microsatellite instability (MSI) pathway. Microsatellites are defined as repeats of up to six 

nucleotides, which can occur in coding sequences of genes involved in structural and 

functional processes as well as in non-coding regions [25]. In MSI tumors, polymerase slippage 

during DNA replication causes aberrant lengths of microsatellite DNA [25]. Depending on the 

study cohort and the investigated markers, MSI occurs in 5% to 50% of the individuals with 

sporadic GC [25]. The MSS type is characterized by chromosomal instability and inactivation 
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of tumor suppressors, while the MSI tumor type features a defective DNA mismatch repair 

system resulting in an increased number of somatic variants especially in repeat regions [25, 

26]. MSS and MSI differ not only by alteration types but also in the set of affected genes and 

pathways as well as in the etiopathology [25, 26]. In contrast to MSS type cancer, MSI tumors 

arise more often in elderly female individuals, in antral regions, and are more frequently 

characterized by larger size, intestinal Laurén histotype, lower tumor stage at diagnosis, and 

lower number of affected lymph nodes [26]. Thus, MSI is associated with a better survival for 

patients with stage II tumors and can be used as a prognostic marker [26]. 

In summary, the most common GC type is an adenocarcinoma of the intestinal type, which 

can be further distinguished by the microsatellite status. Therefore, a comprehensive 

investigation of one sporadic MSS and one sporadic MSI adenocarcinoma of the intestinal type 

was performed during my studies. Besides revealing novel insights into GC, the molecular 

background of inflammation-associated colorectal cancer was analyzed in a mouse model.  

1.3 Link between chronic inflammation and cancer  

1.3.1 Role of inflammation in the tumor development 

Inflammation is a key factor of the immune system and involved in the defense against 

microbial infections as well as in tissue repair and regeneration [12, 27]. However, chronic 

inflammation can also contribute to tumor development, including malignant transformation of 

cells and tumor expansion [28]. Thereby, inflammatory pathways can activate processes 

involved in proliferation, cell survival, and angiogenesis [12, 28]. The connection between 

carcinogenesis, host defense, and tissue repair is, amongst others, based on genes playing a 

role in several of these processes. As example, cytokines and proteins involved in the 

Wnt / ɓ-catenin pathway contribute to tumorigenesis as well as to proliferative processes used 

for tissue repair and maintenance [12]. Moreover, chronic inflammation can facilitate genomic 

alterations such as DNA strand breaks, aberrant DNA cross-linking, and somatic mutations. In 

turn, this can cause activation of proliferation, cell survival pathways, and oncogenes, while 

tumor suppressors get dysfunctional [12, 28]. The mentioned alterations are e.g. caused by 

reactive oxygen species (ROS), which are accumulated by inflammatory processes as part of 

the hostôs defense mechanism [12]. ROS result from the normal cellular metabolism and are 

involved in the adaptation to changing environmental conditions. They are for example 

produced by host enzymes, which have an especially high activity during inflammation [12, 

29]. This imbalance is defined as oxidative stress and can potentially lead to a cancer 

predisposition or can contribute to tumor progression [12, 28].  

Besides inflammation as part of the immune system, inflammatory processes are also 

upregulated in the microenvironment of most neoplastic tissues to contribute to tumor 
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development and progression [30]. Thereby, cancer cells can modify the microenvironment by 

soluble mediators, which influence the innate and adaptive immune system and lead to the 

ability to escape T cell attack [27]. As example, extreme upregulation of chemokines and 

cytokines lead to a desensitization of receptors and in turn to missing immune response of the 

host [31]. Moreover, inflammatory processes impact growth and differentiation of all cell types 

in the tumor microenvironment, including neoplastic cells, fibroblasts and endothelial cells. 

Thus, cancer-related inflammation (CRI) was suggested as the seventh hallmark of cancer 

[30]. CRI is characterized by infiltration of leukocytes, tumor-associated macrophages as well 

as the occurrence of mediators like cytokines and chemokines [30]. Later in the tumorigenic 

process, tumor cells use signaling molecules of the innate immune system, such as selectins, 

chemokines, and matrix metalloproteases (MMPs) to support survival, proliferation, and 

spread of the malignant cells [12, 31]. These tumorigenic processes are accompanied by 

destruction of the adaptive immune system and increasing resistance against drugs [30, 31]. 

As further tumor-supporting factor, CRI might contribute to genetic instability, damaged repair 

mechanisms, and removal of cell cycle checkpoints, which lead to an increased number of 

genetic variants in the cancer cells [27, 31]. 

Taken together, inflammation and cancer are closely linked to each other. On the one hand, 

tumors are characterized by increased inflammation in the tumor microenvironment [30], on 

the other hand, chronic inflammation supports the development and promotion of cancer [28]. 

The highest incidence of malignant transformations triggered by inflammation exists in the 

large intestine, where colorectal cancer develops as complication of inflammatory bowel 

diseases (IBD) [31]. 

1.3.2 Pathogenesis and pathophysiology of inflammatory bowel disease 

Inflammatory bowel diseases are chronic inflammatory disorders in the gastrointestinal tract, 

which are characterized by alternating periods of inflammatory episodes and inactive phases. 

The two main subtypes comprise Crohn's disease (CD) and ulcerative colitis (UC) [32]. CD 

can occur in inflammatory patches in the complete gastrointestinal tract but is most commonly 

present in the terminal ileum (small intestine) and the rectum [32]. The inflamed parts are 

characterized by thickened submucosa, transmural inflammation, granulomas as well as deep 

ulcers, which can extend into the complete mucosa. In CD, complications such as strictures, 

abscesses, and fistulas may occur [32]. In contrast to CD, UC affects only the colon as well as 

rectum and usually spreads from the proximal part in distal direction [32]. Thereby, the whole 

area is affected without uninflamed part in between, but inflammatory lesions are limited to 

mucosa and submucosa [32]. The colon wall is thinner and may harbor ulcers (sores) without 

extension beyond the mucosa [33].  
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In clinic, CD and UC are considered as distinct IBD subtypes, although both disease forms 

have common symptoms such as fever, abdominal cramping pain, chronic flare-ups of 

inflammation, signs of malnutrition, weight loss, diarrhea (often bloody in UC), and eventually 

anemia caused by gastrointestinal bleeding [34]. IBD can develop at any age, but the diagnosis 

peak for CD as well as for UC is in the early adulthood [33]. Up to now, it exists no medical 

therapy to cure IBD. Thus, only symptoms can be addressed as well as remission phases 

achieved and extended. In some cases, it is necessary to remove parts of the colon or even 

the complete colon (colectomy) by surgery to control the disease or to treat complications [33]. 

One serious complication of both IBD types is the development of inflammation-triggered 

colorectal tumors introduced in the next chapter (section 1.3.3) [35, 36].  

Internationally, between 2.2 and 14.3 per 100,000 individuals get affected by UC per year, 

while the incidence for CD ranges from 3.1 to 14.6 cases per 100,000 people per year [33]. 

The number of diagnoses steadily increased in the last years [37], which might contribute to 

the high differences in reported IBD prevalences. IBD occurs more often in urban than in rural 

areas and the risk of disease depends on the lifestyle [33, 37]. In particular, environmental 

triggers, such as nutrition and smoking, influence the risk of IBD development [32, 37]. The 

prevalence of IBD is also associated with the country and is e.g. higher in the developed world 

[33]. This can be explained by the so-called óhygiene hypothesisô, which postulates that 

exposure to infectious agents can reduce the susceptibility to IBD by activating the immune 

system development during childhood [37].  

Besides the mentioned factors and the composition of the intestinal bacterial flora, genetic 

factors influence the risk of IBD [32, 37]. This was shown by familial clustering differences [38]. 

The chance that both siblings of monozygotic twins are affected by CD was estimated at 

20-50%, while dizygotic twins grown up together show a concordance rate of less than 10% 

[38]. In UC, the corresponding probabilities are 14-19% (monozygotic twins) and 0-7% 

(dizygotic twins), respectively [38]. Although already 163 susceptibility loci have been identified 

for IBD (110 shared by UC and CD), only 13.6% and 7.5% of the total disease variance can 

be explained for CD and UC, respectively. [39]. Known risk loci are mainly associated with the 

immune system. This include e.g. cytokine production, lymphocyte activation, response to 

microorganisms, and the JAK-STAT signaling pathway. Remarkably, all functional groups and 

pathways enriched for UC- or CD-associated genes are affected in both diseases [39].  

In summary, IBD is a group of chronic diseases, whose origin is connected to genetic and 

environmental factors. One serious complication of IBD is the development of 

colitis-associated colorectal cancer (CAC).  
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1.3.3 Colitis-associated colorectal cancer 

Chronic inflammation in the intestinal tract increases the susceptibility to CAC, which is 

responsible for ~15% of all deaths in IBD patients [40]. Though the link between chronic 

inflammation and CAC development were reported in many studies [41], little is known about 

the underlying molecular mechanisms of CAC. 

Around 3% (8%) of CD and 2% (18%) of UC patients develop colorectal cancer within 10 years 

(30 years) after disease onset [35, 36]. In individuals with longstanding IBD, the risk of CAC is 

similar between CD and UC [42]. Thereby, patients in a remission phase have the same risk 

to develop CAC like patients within an active stage [40]. The incidence of CAC depends on the 

duration of symptoms, severity of colonic inflammation and the extent of the disease, with the 

highest risk for patients whose entire colon is affected (pancolitis) [40]. In addition, age at onset 

of IBD, genetic factors, and affection by other chronic inflammatory diseases, such as primary 

sclerosing cholangitis, influence the risk for CAC development [40, 42, 43]. Interestingly, some 

environmental factors might have a contrary effect on UC and CD. As example, it was 

suggested that smoking protects from CAC in 50% of the UC patients, while the incidence of 

CAC is four times higher in smoking CD patients than in non-smokers [29]. The risk for the 

development of CAC might be also different between populations, but it has to be proven that 

this association is not based on distinct treatment approaches [29, 40]. In comparison to 

sporadic CRC (mean age: 65), IBD-associated cancer occurs at younger age (mean age: 54.5 

(CD) and 43 (UC)) and causes a more aggressive cancer type with higher invasion potential 

as well as poorer prognosis in the advanced stage. No differences regarding the survival of 

the patient were observed in the early disease phase [44, 45].  

In 73% of the UC and 79% of the CD cases, CAC develops via dysplasia [40]. Features of 

dysplasia include a decreased number of epithelial crypts, an altered crypt structure 

characterized by distortion and branching, and larger hyperchromatic cell nuclei [42]. 

óDysplasia-associated lesions or massesô (DALMs) have a raised mucosa and are considered 

as precancerous lesions, because adenocarcinoma develop preferably in these areas [42]. 

Therefore, it was suggested to classify DALMs as malignant and treat them like tumors [42]. 

In contrast to CAC development via DALMs, sporadic CRC is characterized by precancerous 

polypoid adenomatous polyps, which undergo mutations and may progress to invasive 

carcinoma [42]. Besides the different precancerous lesions, both CAC and sporadic CRC are 

multistep mutational processes and molecular changes like chromosomal instability (CIN), 

MSI, loss of heterozygosity, and aberrant methylation patterns occur in both cancer types. 

However, while the first two listed characteristics appear with the same incidence between the 

two cancer types (85% CIN, 15% MSI), the onset and frequency for the latter two alteration 

types are different [29, 46, 47].  
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Tumors of CAC are usually nonpolypoid, flat, and discrete [29, 40, 42]. In general, CAC is 

characterized by a higher fraction of mucinous and signet ring cell histology [29]. Tumors in 

CAC can arise in all areas of the colon and often several primary tumors develop independently 

in different sections at the same time [44]. However, tumors tend to arise in colonic parts that 

are influenced by IBD and thus, the predominant location differs between UC and CD [29, 44]. 

All other known clinicopathological features of carcinoma occur in UC and CD. This indicates 

that tumor development in UC and CD is driven by similar carcinogenic processes [44].  

Improvements of medical and surgical techniques as well as higher rates of colonoscopy as 

part of a preventative examination accounted for a better prognosis of CAC in the last decades. 

The treatment for CAC includes the use of chemopreventive agents like 5-amino-salacylic acid 

or ursodeoxycholic acid preparations, folic acids, statins, early use of steroids in flare-up 

episodes, and proctocolectomy as last possibility of intervention. Although therapies for CAC 

exist, this IBD complication is not curable without colectomy yet [29, 40, 42]. 

Taken together, CAC is a serious complication of IBD and is characterized by a more 

aggressive tumor type than sporadic CRC. Nevertheless, the underlying genetic processes 

are mainly unknown. To fill this gap, inflammation-associated colorectal cancer was 

investigated with the AOM/DSS mouse model in my studies. 

1.3.4 AOM/DSS mouse model  

Inflammation-associated colorectal cancer can be investigated with a well-established mouse 

model, in which the synergetic effect of azoxymethane (AOM), a colon procarcinogen in 

rodents, and the tumor-promoting substrate dextran sodium sulfate (DSS), which has toxic 

effects on the colonic epithelium, are applied [48, 49].  

The murine AOM/DSS model is characterized by high potency as well as reproducibility and 

shares many featured with human colorectal cancer [48]. Like sporadic CRC in humans, 

AOM/DSS-induced tumors occur very often in the distal part of the colon, initiate with polypoid 

growth, and harbor similar histopathological aberrations [48, 50]. CAC is better reflected in a 

chemically induced than in a genetic knockout model, because environmental factors promote 

this cancer type development in humans. However, metastasis and mucosal invasiveness 

occur only in very rare cases of AOM-induced cancer [29, 37, 50].  

In the AOM/DSS model, the procarcinogen AOM has to be activated by metabolic processes 

to cause DNA damage [50, 51]. In detail, after intraperitoneal injection, AOM is transported via 

bloodstream to the liver, where it is hydroxylated to methylazoxymethanol (MAM) [50, 51]. 

Afterwards, MAM is excreted from the liver and reaches the intestine. After absorption by the 

colon, further metabolic steps can lead to the addition of a methyl group obtained from MAM 

compounds to a guanine in the DNA, which might lead to mispairing of guanine with thymine 
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[51, 52] (Figure 1-1). DSS is a non-genotoxic agent with proinflammatory impact on epithelial 

cells in rodents [50, 53]. Dissolved in drinking water, DSS causes severe colitis and bloody 

diarrhea [50]. The proinflammatory DSS can strengthen the carcinogenic effect of AOM 

resulting in increased tumor growth and decreased latency time [48]. 

 
Figure 1-1 Metabolic activation steps of AOM to form DNA-reactive products 
First, AOM is transported via the bloodstream to the liver, where it is hydroxylated by the alcohol-inducible 
cytochrome P450 isoform CYP2E1 (cytochrome P450 2E1) to MAM [50, 51]. Subsequent to the excretion, MAM 
gets to the intestine via blood or bile. Bacterial ɓ-glucuronidase can additionally increase the amount of free MAM 
in the colon [50, 52]. After absorption by the colonic epithelium, MAM is metabolized or spontaneously decompose 
to a methyldiazonium ion [50ï52]. The methyldiazonium ion is able to alkylate macromolecules, such as guanine. 
This can lead to N7-methyl-deoxyguanosine or O6-methyl-deoxyguanosine by adding the methyl group to the N7 or 
O6 position of guanine, respectively [51]. The latter mentioned modification can cause a mispairing during DNA 
replication, which leads to a base substitution from G:C to A:T [51]. 

Taken together, the AOM/DSS mouse model is a common approach to investigate 

inflammation-triggered colorectal cancer, although not all features of human CAC are reflected. 

To interpret results of experiments based on the AOM/DSS model correctly and to enable 

inferences on the human disease, deeper insights into involved molecular processes would be 

necessary.  

1.4 Genetic factors of gastric cancer and inflammation-associated 

colorectal cancer 

Many published NGS-based studies provided a comprehensive molecular characterization of 

different cancer types including genome-wide insights into the mutational landscape of 
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individual tumors at base-pair resolution [3, 5, 54, 55]. Most of these studies were based on 

whole genome sequencing (WGS) or whole exome sequencing (WES) technologies. This led 

to the detection of a huge number of potential cancer-driving genomic alterations, including 

single nucleotide variants (SNVs), small insertions or deletions (InDels), copy number 

variations (CNVs), and structural variants (SVs). Besides common cancer-associated 

molecular changes, this enabled also the identification of tumor type specific signatures 

described more detailed in section 1.6 [3, 5, 54, 55]. However, most of these studies did not 

include CAC, why the knowledge about the molecular background of this disease is still limited. 

Additionally, GC studies reflected a high heterogeneity of GC and pinpoint the importance of a 

deeper genomic characterization of GC.  

Four major studies investigating the genetic basis of GC were published. A very 

comprehensive study comprising matched sample pairs from 295 patients with gastric 

adenocarcinoma was performed by The Cancer Genome Atlas (TCGA) research network [7]. 

The authors suggested to assign GC into four subtypes differing by molecular characteristics: 

(i) Tumors with EBV infection that harbor recurrent PIK3CA mutations, overexpression of 

JAK2, CD274, and PDCD1LG2, as well as DNA hypermethylation; (ii) MSI tumors 

characterized by a diagnosis in older patients compared to other subtypes as well as high 

mutation rates resulting in alterations of genes that encode for relevant signaling proteins with 

oncogenic features; (iii) Tumors with stable genomes harboring often a diffuse histological 

subtype and overexpression of cell adhesion pathways, mutated RHOA as well as fusions of 

RHO-family GTPase-activating proteins; (iv) Chromosomally unstable tumors (CIN) 

characterized by a high mutation rate in TP53, aneuploidy as well as overexpression of 

receptor tyrosine kinases.  

In a second study, Wong et al. [56] used WGS to investigate 49 GCs with diffuse and intestinal 

histological subtypes as well as matched peripheral blood samples. They observed frequent 

mutations in TP53, ARID1A, TGFBR2, CDH1, SYNE1, and TMPRSS2 as well as in Ephrins 

and SLIT/ROBO signaling pathway genes. Moreover, three mutational signatures with 

alterations at TpT, CpG, and TpCp[A/T] nucleotides were identified. Intestinal type tumors 

featured a higher degree of clonality and ploidy. These samples were also often affected by 

TP53 mutations as well as overexpression of receptor tyrosine kinases, cell signaling and cell 

cycle-related genes. Besides the intestinal type, Wong et al. described two major subtypes of 

the diffuse type: The first one is characterized by less genetic changes and low clonality, while 

the second one harbors a comparatively high clonality and mutations at TpT dinucleotide 

positions.  

A third major GC study was published by Wang et al. [57] using WGS of 100 tumor-normal 

pairs. They confirmed previously known (e.g. TP53, ARID1A and CDH1) and reported new 

(e.g. MUC6, CTNNA2, GLI3, RNF43) altered driver genes. Thereby, mutations occurred most 
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often in genes associated with adherens junctions and focal adhesion (FA). Interestingly, 

mutations in RHOA were exclusively observed in tumors of the diffuse type, while they played 

obviously no role in the intestinal type. Additionally, Wang et al. described a higher mutation 

rate in MSS compared to MSI cancers, while EBV tumors featured a reduced number of 

demethylated positions and increased hypermethylation in the entire genome. 

The largest study combining transcriptome and exome sequencing with SNP arrays and a 

meta-analysis of previous GC studies was published by Liu et al. (2014) and revealed clear 

differences between MSI and MSS tumors [58]. While alterations of cancer drivers, such as 

ARID1A, APC, and CTNNB1, were more often observed in MSS tumors, oncogenes, such 

KRAS and ERBB2, were mostly affected in MSI tumors [58]. All four main studies are 

summarizes in Table 1-1. 

Study Main findings 

TCGA [7]: Methylation profiling, 

mRNA + miRNA sequencing, 

WES, SNP array of matching 

samples from 295 patients 

¶ Classification into four subtypes: EBV-infected tumors, MSI tumors, tumors 

with stable genome, and CIN tumors 

Wong et al. [56]: WGS of 49 

GCs with diffuse and intestinal 

histological sub-type + matched 

peripheral blood samples 

¶ Mutations in TP53, ARID1A, TGFBR2, CDH1, SYNE,1, TMPRSS2, 

Ephrins, and genes of the Slit / Robo signaling pathway 

¶ Division into three mutational signatures  

¶ Classification into the intestinal type and two diffuse subtypes 

Wang et al. [57]: WGS of 100 

tumor-normal pairs 

¶ Confirmation of TP53, ARID1A, and CDH1 as cancer driver genes 

¶ Identification of MUC6, CTNNA2, GLI3, RNF43 as cancer driver genes 

¶ Association of RHOA mutations with diffuse-type tumors 

¶ Top perturbed pathways: adherens junction and focal adhesion 

¶ Mutation rate: MSS > MSI 

¶ EBV tumors: demethylation Ź, hypermethylation ŷ 

Liu et al. [58]: WES, SNP array, 

and RNA-Seq of 51 tumor-

normal pairs and 32 cell lines, 

meta-analysis 

¶ 170 genes differentially spliced in GC 

¶ 55 splice site mutations associated with different isoform usage 

¶ Molecular differences between MSI and MSS tumors 

Table 1-1 Summary of main findings reported in the four largest NGS-based GC studies 

NGS-based projects have rarely assessed human CAC. To the best of my knowledge, only 

two high-throughput studies were published so far: (i) Robles et al. [59] performed WES with 

colorectal tumor and matching control tissues from 31 patients with CAC. While the mutation 

rate of TP53 was similar to the one in sporadic CRC (63%), APC and KRAS were less often 

affected in CAC. Also genes of the Rho and Rac GTPase network were affected by recurrent 

mutations pointing to an involvement of the noncanonical Wnt signaling pathway in the CAC 

pathogenesis. This was supported by frequent alteration of the Wnt pathway components 

SOX9 and EP300. Further potentially CAC-associated genes included the ERBB ligand NRG1 

and the cytokine IL16. (ii) Watanabe et al. [60] compared the expression patterns of 

non-neoplastic rectal mucosae between UC patients with and without colorectal cancer using 

the microarray technology. They reported 40 genes with different expression level between 

these groups. These genes were enriched in the categories signal transduction, receptor 
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activity, receptor binding, and lipid metabolism. Genes with an elevated expression in cancer 

patients included CDKN1C (cyclin-dependent kinase inhibitor), STK39 (serine threonine 

kinase), NOL3 (apoptosis inhibitor), as well as LRP5 and LRP6 (low-density lipoprotein 

receptorïrelated proteins). The last-mentioned genes are involved in the transduction of 

intracellular signals in the Wnt pathway. The activity levels of LRP5 and LRP6 are also linked 

to cancer cell proliferation, why these genes were suggested as oncogenes [60]. 

Besides human CAC studies, inflammation-associated colorectal cancer was investigated in 

the AOM/DSS mouse model. Only one study was based on NGS, which was published during 

the time of my own experiments [61]. In short, controls from untreated mice, tumor, aberrant 

crypt foci (ACF), and control samples from mice treated seven weeks with AOM/DSS as well 

as tumor and matching controls from mice treated ten weeks with AOM/DSS were investigated 

with WES [61]. The most striking mutated pathways were extracellular matrix (ECM) receptor 

interaction and FA, which are both involved in cell-cell adhesion. The authors reported a high 

diversity between the samples and sample groups, which was not a result of mutated mismatch 

repair (MMR) genes. The genomic landscape of the investigated tissues from AOM/DSS-

treated mice was also different from those observed in human CRC. Especially noticeable was 

a lack of mutations in genes associated with human CRC including Apc, Trp53, and Kras [61].  

Several other studies investigated the molecular background of AOM/DSS-induced cancer 

with the microarray technology. These studies revealed upregulation of the Wnt inhibitory 

factor Wif1, the plasminogen activator Plat, the oncogene Myc, the phospholipase Plscr2 as 

well as CRC-associated pathways, ubiquitin and spliceosome pathways, and Wnt signaling 

that regulates the expression of inflammatory genes [62ï64]. Downregulation was observed 

for the peroxisome proliferator activated receptor binding protein Pparbp, the growth factor 

Tgfb3 as well as for Vegf signaling and the apoptosis pathway [63]. Further differentially 

expressed genes and processes associated with murine AOM/DSS-triggered colorectal cancer 

include Asprv1, Slc16a10, Pacsin3, Sycn, 0610005c13Rik, Orc2, Orc5 as well as inflammatory 

cytokines and chemokines playing a role in the tumor microenvironment [64]. Not surprisingly, 

also known cancer-associated pathways were reported to be altered [62ï64]. Moreover, 

metabolic imbalance was observed in inflammation-associated cancer [64]. This points to a 

close interaction between metabolic and inflammatory substrates in the tumor 

microenvironment [64]. Moreover, Tang et al. [65] could show that not all processes are 

involved in all steps of the tumor development of AOM/DSS-associated colorectal cancer. For 

example, p38 Mapk and Wnt / ɓ-catenin signaling are only involved in tumor initiation and a 

late stage, respectively, while NF-əB and the STAT3 signaling pathway are overexpressed in 

all phases of CAC [65]. All main results from the major high-throughput studies investigating 

inflammation-associated colorectal cancer in humans or in the AOM/DSS mouse model are 

summarized in Table 1-2.  
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Study Main findings 

Robles et al. [59]: WES of colorectal 

tumor and non-neoplastic tissues from 

31 patients with CAC 

¶ Mutation rate of TP53 similar between CAC and CRC 

¶ APC and KRAS less often mutated in CAC than in CRC 

¶ Recurrent mutations in Rho and Rac GTPase network 

¶ Novel associations with CAC: Wnt pathway (SOX9 and EP300), ERBB 

ligand NRG1, and cytokine IL16. 

Watanabe et al. [60]: Microarray 

expression analyses of rectal samples 

from 53 UC-patients (10 with CAC) 

¶ Altered activation of signal transduction, receptor activity, receptor 

binding, and lipid metabolism in CAC patients 

¶ Upregulation of CDKN1C, STK39, NOL3, LRP5, and LRP6 in CAC 

patients 

Pan et al. [61]: WES of tumor, ACF, 

and matching controls from 10 

AOM/DSS-treated mice 

¶ ECM-receptor interaction and FA pathways enriched for mutations 

¶ High heterogeneity between samples and sample types 

¶ Different molecular mechanisms compared to human CRC 

Suzuki et al. [62]: DNA microarray 

analysis on non-tumorous mucosa 

from ICR mice that received 

AOM/DSS, AOM alone or DSS alone, 

and untreated mice 

¶ Upregulation of Wif1, Plat, Myc, Plscr2 

¶ Downregulation of Pparbp and Tgfb3 

Gao et al. [63]: mRNA and miRNA 

microarray analyses of control, 

DSS-treated, AOM-treated, and 

AOM/DSS-treated mice (three 

samples each) 

¶ Upregulation of Wnt signaling, ubiquitin and spliceosome pathways as 

well as CRC-associated pathways 

¶ Downregulation of apoptosis and VEGF signaling pathways 

¶ Altered activation of cellular metabolism and immune system 

Li et al. [64]: Microarray expression 

analyses of control, DSS-treated, 

AOM/DSS-treated mice (12 samples 

each) 

¶ Altered activation of 0610005c13Rik, Asprv1, Slc16a10, Pacsin3, 

Sycn, Orc2, and Orc5 

¶ Altered activation of cancer-related pathways, inflammatory cytokines, 

and chemokines involved in the tumor microenvironment 

¶ Upregulation of Wnt signaling 

¶ Interaction between metabolic and inflammatory substrates in the 

tumor microenvironment in CAC suggested 

Tang et al. [65]: Microarray expression 

analyses of AOM/DSS-treated ICR 

mice; three mice each were samples 

after 14, 28, 42, 56, and 140 days 

¶ Overexpression of NF-əB and STAT3 signaling in all stages of CAC 

¶ Upregulation of P38 Mapk and Wnt / ɓ-catenin signaling only at an 

early and late stage of CAC, respectively 

Table 1-2 Summary of major studies investigating inflammation-associated colorectal cancer  

In several studies, molecular differences between human CAC and sporadic CRC were 

reported (Figure 1-2). Alterations in the tumor suppressor gene APC as well as in the 

oncogenes KRAS and BRAF are often initiating events in CRC, while these events are less 

frequent or at a later stage in CAC [66, 67]. Additionally, although variants in TP53 were 

observed with a high frequency in both sporadic CRC and CAC, they arise at different points 

in time [67, 68]. Alterations in TP53 develop at a late stage in CRC, while intestinal epithelial 

cells (IECs) are often affected by TP53 mutations before malignant transformation in CAC [67ï

69]. Mutant p53 supports constitutively activated NF-əB, which triggers chronic inflammation 

and tumor development [68]. A further gene, which is activated at different stages in CAC and 

CRC, is TNFŬ. While the gene is first upregulated in an advanced stage in CRC [70], early 

activation was observed in CAC [71]. Anti-TNFŬ drugs are medicative for the treatment of IBD 

patients. Also in AOM/DSS-treated mice, administration of anti-TNFŬ leads to smaller tumors 
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and a reduction of the tumor count [66, 72]. Selected known differences between CAC and 

CRC are described in Figure 1-2. 

 
Figure 1-2 Molecular differences between CRC and CAC 
The figure shows the point in time of molecular changes in (A) sporadic CRC and (B) CAC. The figure is based on 
Lasry et al. [73] and was modified with data from Subramaniam et al. [66], Itzkowitz et al. [74], von der Kraak et al. 
[71], Kim et al. [75], Rhodes et al. [47], and others [65, 76ï81]. Besides differences of genes and processes, also 
CIN and MSI occur at different stages. 

In summary, several studies investigating the genetic background of GC or inflammation-

triggered cancer, which features many differences compared to sporadic CRC, were already 

published. However, publications based on an unbiased NGS approach are rare. In particular, 

only one WES and no RNA-Seq based study investigating murine AOM/DSS-induced 

colorectal cancer exist. In my studies, it was also the first time that two different NGS 

technologies were applied to get insights into the molecular background of GC.  

1.5 Next generation sequencing 

The Human Genome Project finished the sequencing of the first draft of the human genome in 

2001 [82]. 20 institutes and companies in six countries collaborated for eleven years to reveal 

the first view on the human genetic code. Thereby, the primary applied approach was shotgun 

BAC (bacterial artificial chromosomes) for Sanger sequencing [82, 83]. The first NGS machine 

was produced in the mid-2000s. Due to parallelization of the sequencing reactions, the 

sequencing costs were 50,000-fold cheaper than in the human genome project. Further 

massive price reductions and output increases led to the possibility to nowadays sequence a 

human genome for around US$ 1000 in less than one week [84, 85].  
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Notable advantages of NGS are a high reliability of each called nucleotide, high robustness, 

and low background noise [84, 85]. Low sequencing costs and rapid investigation of genomic 

changes contributed to the fact that NGS became routine part of biological and medical 

research in the last years [84]. Furthermore, due to the avoidance of bacterial cloning of DNA, 

a cell free system can be used [83], which reduces the amount of required work and time. 

Limitations of NGS include the time-consuming and complex bioinformatic analyses, which 

result e.g. from the relatively short read length and the huge amount of produced data [83, 84]. 

Besides the need of fast and effective computational algorithms, this leads to a considerable 

higher need of data storage and computing power than previously developed technologies 

such as SNP-array, microarray or Sanger sequencing [83]. A further disadvantage of NGS is 

based on the need of expensive lab equipment. Nevertheless, NGS is nowadays established 

as key technology in basic science and translational research such as clinical diagnostics and 

personalized medicine [83, 84]. 

NGS can be divided into two main categories, namely sequencing by ligation and sequencing 

by synthesis [84]. During the course of this thesis, the Illuminaôs HiSeq 2500 (Sequencing by 

Synthesis) and Applied Biosystems / Life Technologiesô SOLiD (Sequencing by 

Oligonucleotide Ligation and Detection) sequencing technologies were used. In both methods, 

the first step is the library preparation, which starts with the fragmentation of the DNA followed 

by size selection and the ligation of specific adapters to both fragment ends. Illumina uses an 

approach, in which the cluster generation is performed with bridge amplification in the first step 

(Figure 1-3). This results in one cluster of around 1000 identical sequences, which are all 

bound on a glass surface, for each original DNA molecule. The sequencing starts with the 

binding of a sequencing primer to the adapter. Labeled nucleotides are added and cause a 

fluorescence signal during incorporation. Due to the sequence clusters, the signal is intensified 

and thus strong enough for detection. After cleaving off the 3ô terminator and the fluorescent 

group of the nucleotide, the cycle is repeated [83ï85].  

In the SOLiD system (Figure 1-3), an emulsion polymerase chain reaction (ePCR) on the 

surface of beads is performed in water-in-oil emulsion droplets after library preparation. This 

leads to a clonal amplification of the oligonucleotide fragments resulting in many copies of one 

DNA template immobilized on each bead. The subsequent sequencing process starts with the 

hybridization of a sequencing primer to the adapter at one fragment end. In the second step, 

an octamer consisting of a fluorescence labeled probe and an anchor sequence binds to the 

5ô end. Thereby, each color encodes for two adjacent nucleotides. Thus, each base is covered 

twice resulting in a higher sequencing accuracy. After color imaging, the ligated oligonucleotide 

is cleaved and the fluorophore removed. Cycles consisting of ligation, detection and cleavage 

are performed ten times. Thereby, two out of every five bases are investigated. Afterwards, 

the process is repeated with new offset anchors [83ï86]. 
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Figure 1-3 Comparison between the sequencing technologies ABI SOLiD and Illumina HiSeq 
The figure was modified after Metzker et al. [86]. First, a sequencing library has to be generated in both 
technologies. Afterwards, a library amplification is performed followed by the actual sequencing. The left part shows 
the sequencing workflow for the Illumina HiSeq: The library amplification is based on a bridge amplification on a 
solid surface followed by sequencing by synthesis. In contrast, the sequencing procedure for ABI SOLiD shown on 
the right side is based on an emulsion PCR for library amplification, while the sequencing is performed by ligation. 

Taken together, NGS is a widespread used high-throughput method to investigate the genetic 

background of different species. While per base prices dropped, robustness and output 

increased in the last years. Three of the main applications of NGS are transcriptome, whole 

exome, and whole genome sequencing.  
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1.5.1 Transcriptome sequencing 

The transcriptome represents a set of RNA molecules in a cell or tissue at a specific point in 

time and includes messenger RNA (mRNA), ribosomal RNA (rRNA), microRNA (miRNA) and 

other non-coding RNA types [87]. RNA-Seq is a widespread approach to investigate the 

transcriptome. In particular, RNA-Seq is applied to investigate the molecular background of 

cancer and other complex diseases [16, 87, 88].  

Less than 5% of the human DNA encodes for annotated transcripts. However, hints exist that 

more than 90% of the genome is transcribed, whereby it is still discussed to which extend 

these fragments are only transcriptomic noise or functional RNAs [89]. In contrast to the 

microarray technology, RNA-Seq enables the detection and investigation of novel 

transcriptionally active regions (nTars). This is especially important in tumor tissues, which are 

characterized by altered gene expression patterns including changes in non-coding RNA 

abundance levels [16, 64, 87]. Transcripts with high expression in diseased tissue but very low 

or no RNA concentration in healthy individuals might be missed with the microarray approach, 

because probes for microarrays are mostly based on transcriptomes from healthy individuals. 

Despite this advantage of NGS, no publicly available tool existed to detect and 

comprehensively characterize nTars at the time of my studies. To fill this gap, a novel program 

was developed for this purpose as part of my work. Besides the investigation of species with 

an incomplete annotation, this will enable a comprehensive study of phenotypes such as 

inflammation-triggered colorectal cancer. 

Taken together, the transcriptome describes the current state of a cell and can be investigated 

with RNA-Seq, which enables the investigation of annotated transcripts as well as nTars. In 

addition, studies of the genome, especially the exome, are important to reveal the potential of 

a cell.  

1.5.2 Whole exome sequencing  

In WES, DNA sections covering exonic regions are enriched for sequencing. Thus, the focus 

of WES is, like for RNA-Seq, on sequencing of exonic regions. However, for the following 

reasons only WES is suitable for variant calling: (i) Due to expression differences in RNA-Seq, 

a uniform coverage distribution across all exonic regions is missing [90]. As consequence, it is 

not possible to detect variants in unexpressed genes [91]. In genes with low RNA level, variants 

can only be detected, if very deep sequencing is applied. This in turn would have a huge impact 

on the costs. (ii) In most cells, expression of two alleles with different mRNA levels occurs in 

~20% of the transcripts. Allelic imbalance exists especially often in cancer cells, in which genes 

associated with cancer risk and tumor development are affected by different RNA levels of the 

alleles [92, 93]. This complicates the variant calling, the filtering process, and the determination 

of sequencing errors and thus influences the detection and classification of biological variants. 
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(iii) Alternative splicing variants exist for more than 90% of the genes [91]. Mismapping of reads 

occurs especially often at splice-junctions, which makes it difficult to distinguish between real 

existing variants and mistakes in the alignment process. (iv) With RNA-Seq it is hard to 

distinguish between genomic variants and RNA editing [94]. Because of the mentioned 

reasons, transcriptome sequencing is not appropriate for variant calling. Moreover, in contrast 

to transcriptome sequencing, probes of most WES labor protocols cover not only exons, but 

enable also the investigation of selected functional elements, such as promoter or some 

regulatory regions [95].  

It is estimated that 85% of genomic variants underlying diseases can be found in exonic or 

functional relevant regions, although these areas account for only 1% of the genome [96]. 

Therefore, WES can reveal most of the somatic variants of potential interest, but is much more 

efficient regarding costs, time, and resources than WGS would be [16, 97, 98]. This has the 

advantage that the most important regions can be investigated for more samples with the same 

coverage depth and same costs [90]. 

In my studies, WES was performed in addition to transcriptome sequencing to analyze the 

molecular background of murine inflammation-associated colorectal cancer. Moreover, WES 

was applied to increase the coverage in the most important regions for the investigation of GC. 

In both projects, a target enrichment approach based on in-solution hybridization was applied. 

In short, probes (biotinylated RNA baits) with a sequence complementary to the regions of 

interest are provided in a liquid medium. These probes can bind to fragments from a 

whole-genomic DNA library. The probes carry a biotin to enable the isolation of the DNA 

fragments of interest with streptavidin-coated magnetic beads [95, 99]. Afterwards, the 

enriched DNA library fragments can be purified. Advantages of this enrichment approach 

compared to other techniques include (i) a uniform distributed sequence coverage, (ii) easy 

application, and (iii) a lack of a GC bias due to avoidance of PCR amplification [90, 98].  

Taken together, WES enables to investigate the genomic sequence of exonic regions and 

functional elements with a cost-efficient approach. However, in contrast to WGS, WES does 

not cover all intergenic regions and depends on the knowledge of the underlying sequence.  

1.5.3 Whole genome sequencing  

WGS is the most comprehensive approach to investigate genomes and a widely used NGS 

method [84]. WGS is not limited to specific regions and not biased to any previous knowledge. 

Moreover, WGS enables the detection of structural variants, such as large insertions, large 

deletions, and translocations [97].  

Till date, over 14,000 genomes were published in the US National Center for Biotechnology 

Information (NCBI) genome database and new genomes are submitted regularly [84]. These 
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huge data sets decipher information about genomic variance between different individuals and 

populations and enable the investigation of the relationship between genomic alterations and 

phenotypes [83]. These results can serve as reference set for clinical applications. Also in 

cancer research, WGS has been applied to identify cancer causing alterations on genome 

level, including SNVs, genomic rearrangements, CNVs, and tandem duplications [3ï5].  

To summarize, WGS is the most comprehensive sequencing approach and allows the 

detection of all DNA sequence alterations in exonic and intergenic regions.  

1.6 Variant types 

Genetic variation describes all genomic differences between individuals of a certain species. 

This includes an aberrant number of chromosomes as well as alterations, such as CNVs, 

InDels, tandem duplications, inversions, translocations, and SNVs [100]. Common base 

substitutions having a frequency above 1% within the entire population are defined as single 

nucleotide polymorphisms (SNPs) [101, 102]. Besides modifications of the protein structure, 

genomic alterations can influence the expression level of a protein or can be without obvious 

effect [103]. Based on a comparison between humans and chimpanzees, an average neutral 

alteration rate of 2.3x10-8 variants per nucleotide position per generation was suggested for 

humans [100]. This is similar to ~40-80 mutations per generation identified by the investigation 

of Icelandic parents and their offspring [104]. Around 10% of all SNVs have an effect on a 

protein function resulting in on average six new deleterious mutations in a newborn baby [104]. 

The human base substitution rate is roughly twice as high as the one in wild-type C57BL/6 

laboratory mice, which is predicted to be around 5.4x10-9 alterations per nucleotide per 

generation [105].  

Mutations can be a result of the insertion of a wrong nucleotide during DNA replication [103]. 

Thereby, the mutation rate rises with increasing DNA replication time. Because of a 

transcription-coupled repair mechanism, the mutation rate is additionally negatively correlated 

with the gene expression level [106]. At non-CpG sites, transitions defined as base substitution 

between purines or pyrimidines (purine (A/G) ź purine (A/G) or pyrimidine (C/T) ź pyrimidine 

(C/T)) appear nearly twice as often as transversions defined as base substitution between one 

purine and one pyrimidine (purine (A/G) ź pyrimidine (C/T)), although only two transition types 

but four transversion types exist [107, 108]. The mutation rate of transitions is 1.6x10-7 at CpG 

sites and 1.2x10-8 at non CpG sites, while transversions occur with a frequency of 4.4x10-8 at 

CpG sites and 5.5x10-9 at non-CpG sites [107]. One reason for the higher number of transitions 

than transversions is that transitions lead more likely to a synonymous SNV without amino acid 

change, which has in most cases no effect on the function of a gene and is therefore tolerated 

[108, 109]. Moreover, SNVs often occur spontaneously due to deamination of methylated 

cytosine to uracil leading to a C:G to T:A base pair exchange. This explains also the ten times 
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higher transition rate at CpG sites than the average mutation rate in mammalians, because 

methylated cytosines occurs more often at CpG sites than at non-CpG sites [103, 107, 110]. 

Besides spontaneous DNA changes, each tumor bears a specific variant pattern, which 

depends on the cancer type, the age of the patient at disease onset and dysfunctions in DNA 

repair mechanisms [5]. Moreover, alterations can be induced by lifestyle factors and 

environmental conditions, such as sunlight (ultraviolet light), cigarette smoking, and exposure 

to chemical carcinogens [9, 103]. Thereby, each mutagen leaves a specific mutation pattern 

as a footstep. In general, while chromosomal abnormalities are aggregated by ionizing 

radiation, point mutations are generated by chemical mutagens (Box 2) [103, 111]. The variant 

pattern of each cancer type can consist of several signatures and reflects the underlying 

mutational processes and, in certain cases, contributing mutagens [5]. Even if the origin of 

some mutational patterns is still unknown, analyses of variant distributions are important, 

because the results can be used as biomarker for specific phenotypes, including clinical 

features [84, 112].  

In addition to the SNV type distribution, the SNV sequence context is important. These two 

features together lead to a clustering of specific cancer types and known carcinogenesis 

mechanisms [106]. Colorectal cancer types, which feature a microsatellite stable or a low level 

microsatellite instable status, are characterized by a high amount of T(C>A)T and T(C>T)G 

base substitutions. In contrast, colorectal tumor samples with a high level of MSI or mutant 

POLE, which is involved in DNA repair, harbor mainly C(C>A)N and G(C>T)N variants [113]. 

However, Greenman et al. [54] observed an increase of C>T variants occurring mainly at CpG 

sites in colorectal cancer. In contrast, an increase of T>G, C>T, C>A variants and InDels was 

reported for GC [54].  

Like in CRC, genomic and epigenetic features play an important role in CAC. Additionally, 

inflammatory cells cause oxidative stress by producing reactive oxygen, nitrogen species, and 

mediators such as cytokines and metalloproteinases [30, 69]. This in turn influences the 

formation of e.g. C>A base substitutions [69, 114]. Moreover, inflammatory mediators can 

contribute to an increase of random genetic alterations due to downregulation of DNA repair 

pathways, induction of double-strand breaks and defective cell cycle checkpoints as well as 

altered activation of homologous recombination [30].  

In summary, genomic variants can either occur spontaneously, are caused by environmental 

factors or triggered by altered intracellular processes. Thereby, each factor leaves a specific 

variant pattern.  
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Box 2 Mutational patterns associated with different mutagens and cancer types 

The following examples demonstrate how the connection between cancer type and 

mutational patterns can provide insights into causing environmental factors and underlying 

molecular processes [9, 110, 115]: 

Å Non-melanoma skin cancer harbors a high number of C>T and CC>TT base substitutions 

at dipyrimidine sites. This mutation type is caused by ultraviolet light, which is one of the 

main risk factors for skin cancer [9, 110, 115].  

Å Lung cancer harbors a high ratio of G>T transversions resulting from the formation of bulky 

adducts on guanines caused by tobacco [9, 110, 115].  

Å In many urothelial carcinoma, the number of T>A transversions in a CTG context is 

increased. This pattern is e.g. caused by aristolochic acid, which is used in some products 

in the traditional Chinese medicine [110, 115]. 

Å In some hepatocellular cancer types, an increase of C>A transversions was observed. 

These might arise by consumption of aflatoxin, which is often contained in food from 

southern Africa and Asia [110].  

Å Some liver cancer types bear an increased amount of SNVs at A:T positions caused by 

vinyl chlorides, which are important for the production of plastic materials and a risk factor 

for liver cancer [115]. 

Å In lung and skin cancer, alterations are predominantly observed on the non-transcribed 

strand and in lowly expressed genes. This demonstrates that, besides the mutagen, a 

defect transcription-coupled nucleotide excision repair might foster the observed SNV 

pattern [9, 110, 115]. 

Å Nearly all cancer types feature a high number of C>T variants at CpG sites [9, 110, 115]. 

This mutation type is also the most frequent alteration during evolutionary processes and 

caused by deamination of 5ômeC [9, 110, 115]. 
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1.7 Project aim 

A better understanding of molecular mechanisms underlying a specific cancer type is essential 

to devise novel therapies and to improve the patientsô outcome. Therefore, my studies aimed 

to get deeper insights into genomic factors involved in the development of two gastrointestinal 

cancer types, namely human GC and murine AOM/DSS-triggered colorectal cancer, which is 

a mouse model for human CAC.  

GC causes 10% of all cancer deaths and is among the most common malignancies worldwide 

[1]. Nevertheless, at the point in time of the project start, the knowledge of underlying genomic 

signatures, including structural variants, was limited. Thus, the molecular basis of a 

microsatellite stable as well as a microsatellite unstable gastric carcinoma was investigated. 

WGS and WES were performed to enable a comprehensive characterization of genes and 

processes involved in the development of GC. Besides revealing novel insights into the 

molecular background of GC, this project was intended to develop a bioinformatic analysis 

pipeline, which is suitable for cancer projects based on a low sample number.  

Human CAC is a serious complication of IBD. Although, compared to sporadic CRC, patients 

affected by CAC are younger and prognoses are worse in the advanced stage [42, 44, 45], far 

less is known about the molecular signatures of CAC than those of sporadic CRC. 

Understanding the genomic and transcriptomic background of CAC would be the key for the 

development of a suitable therapy. Therefore, CAC is often investigated with the murine 

AOM/DSS model, although underlying molecular alterations of this mouse model were not 

systematically analyzed yet. However, knowledge about modified genes and processes in the 

mouse model is of crucial importance to correctly interpret results and to draw conclusions for 

human CAC in a proper way. To fill this gap and to identify advantages and limitations of this 

mouse model for the investigation of human CAC, the molecular patterns from early and late 

stage murine inflammation-associated colorectal tumor samples were compared with formerly 

inflamed colonic tissues from mice treated with DSS or AOM/DSS as well as with healthy 

colonic tissue samples from untreated mice. Whole transcriptome sequencing and WES were 

combined in an integrative approach to reveal tumor-specific variant patterns as well as genes 

and processes potentially associated with AOM/DSS-induced cancer. 

Both investigated cancer types are based on multistep mutation processes, but they differ in 

affected genes, variant patterns, and onset of some shared alterations [47, 73, 74]. This 

demonstrates the importance of a cancer-specific therapy, which can only be developed with 

a deep knowledge of underlying processes. Therefore, the aim of the thesis was a 

comprehensive characterization of these two cancer types and to suggest novel analysis 

pipelines for the investigation of NGS cancer data. A scheme of the workflow is shown in Figure 

1-4. 
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Figure 1-4 Workflow of my studies 
The molecular background of two different cancer types, namely human GC and murine inflammation-associated 
colorectal cancer, were analyzed in the course of my studies. Using WGS, WES, and transcriptome sequencing, 
alterations on variant, gene, and process level were investigated. 
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 Material and Methods 

All chemicals, solutions, kits, and devices are described in the supplementary chapter 6.1.1. 

2.1 Sample preparation 

2.1.1 Sample collection from human patients with GC 

Tissue samples from two female patients (74-years old Caucasian women) who had died from 

an intestinal GC type were retrieved from the archive of the Institute of Pathology at the 

University Hospital Schleswig-Holstein in Kiel. Samples from the primary tumor and the 

corresponding non-neoplastic gastric mucosa had been collected immediately after surgery, 

were fresh frozen and stored at -80 °C until use. The microsatellite status was determined as 

described in the supplementary chapter 6.1.2. The tumors were classified as shown in the 

supplementary section 6.1.3.  

The patients have given written informed consent to prospective tissue sampling of excess 

tissue material, which was no longer needed for diagnostic or therapeutic purposes. The 

project was approved by the local ethics committee of the University Hospital in Kiel, Germany 

(reference numbers AZ 140/99 and D 453/10). All patient data were pseudonymized before 

study inclusion. 

2.1.2 AOM/DSS colitis 

The mouse experiments were performed with 40 10-13 weeks old, male C57BL/6N wild type 

mice from Charles River Laboratories. A well-established inflammation-associated colorectal 

carcinogenesis model in mice was applied [53], in which the animals were treated with a 

combination of the inflammatory agent dextran sulfate sodium (DSS, Sigma Aldrich, Munich, 

Germany) and the genotoxic colonic carcinogen azoxymethane (AOM, Sigma Aldrich, Munich, 

Germany). To compare the results from early and late stage cancer, three experimental 

settings with different DSS concentrations and treatment durations were applied (Figure 2-1). 

In all three sets, 10 µg AOM dissolved in 10 µl 0.9% phosphate buffered saline (PBS) per gram 

body weight was intraperitoneally injected (AOM/DSS group). One week later, drinking water 

with 2% DSS was administrated for five to seven days followed by 9-14 days without any 

treatment. The second cycle started again with an AOM injection using the same concentration 

as applied for the first administration and was followed by four to five days with oral exposure 

of 1-2% DSS after one week. In order to see differences between chronic inflammation and 

inflammation-associated colorectal cancer, a group of animals (DSS group) was treated with 

DSS like the AOM/DSS group. However, the injection was performed with pure PBS instead 

of AOM. The control mice received an intraperitoneal application with pure PBS and normal 

drinking water without DSS.  
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Figure 2-1 AOM/DSS colitis model 
The figure shows, at which days AOM or PBS was injected and when DSS was applied with the drinking water. The 
first set of mice was treated with high DSS dose, the second with a medium DSS dose, and the third set with a low 
DSS dose. No differences existed between the concentrations of the AOM injections. 

Mice with weight loss above 20% were excluded from the experiment. The disease activity 

index (DAI) was calculated as a sum of the scores for weight loss, rectal bleeding, and stool 

consistency (Table 2-1). At the end of the experiment a colonoscopy was performed under 

anesthesia.  

Score Weight loss Rectal bleeding Stool consistency 

0 0% Hemoccult test negative Formed 

1 1-5%   

2 6-10% Hemoccult test positive Smeary, unformed 

3 4-20%   

4 >20% Rectal bleeding Liquid 

Table 2-1 Scores for the calculation of the disease activity index 

After organ removal at the end of the experiment, the colon was rinsed with PBS, opened 

longitudinally, and cut vertically. The first part of the colon was divided into four pieces. All 

sections as well as samples from the tumor tissues were snap frozen in liquid nitrogen and 

stored at -80°C until further use. The subsequent examinations were performed with the most 

proximal part from the colon of all animals as well as with tissue from up to two tumors per 

mouse. The most proximal section was chosen, because in none of the mice, it was affected 

by a tumor and therefore comparable between all treatment groups.  

From the second part of the colon, óSwiss Rollsô [116] were prepared, placed in cassettes, and 

fixed in 4% paraformaldehyde buffered formalin (Sigma Aldrich, Munich, Germany) at 4°C for 

more than 24 hours followed by dehydration and embedding in paraffin wax. Tissues were cut 
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into ~3.5 µm sections using the Leica RM 2255 (Leica Microsystems, Wetzlar, Germany) 

microtome and mounted on microscope slides. 

The mouse experiments were performed in collaboration with Dr. Maren Falk-Paulsen. The 

colonoscopy was kindly carried out by Dr. Konrad Aden.  

2.1.3 Hematoxylin and Eosin staining 

The samples were deparaffinized and rehydrated using a decreasing xylene (Sigma Aldrich, 

Munich, Germany) and ethanol (Merck, Darmstadt, Germany) dilution series. After washing 

steps with distilled water, the slides were stained with hemalum (Carl Roth, Karlsruhe, 

Germany) for 2-5 minutes followed by exposing to running tap water for blueing of the nuclei 

(13 min). After counterstaining of the cytoplasm with a 1% eosin solution for two minutes, slides 

were washed for 1-2 seconds with distilled water and dried using an increasing alcoholic series. 

The slides were coverslipped with Roti Histokit (Carl Roth, Karlsruhe, Germany) and analyzed 

with a transmitted light microscope Axio Imager Z1 (ZEISS, Oberkochen, Germany). 

The hematoxylin and eosin staining (HE staining) was performed by Maren Reffelmann and 

analyzed in collaboration with Dr. Maren Falk-Paulsen. 

2.1.4 DNA and RNA extraction 

After tissue homogenization, the extraction of genomic DNA from human samples was 

performed with the QIAamp DNA mini kit (Qiagen, Hilden, Germany) following the 

manufacturerôs instructions. The extraction of genomic DNA from the murine samples was 

conducted with the DNeasy® Blood & Tissue kit (Qiagen, Hilden, Germany) following 

manufacturer's recommendations. 

For RNA extraction, 1 ml TRIzol (Invitrogen / Life Technologies, Darmstadt, Germany) was 

added to 50-75 mg pestled tissue followed by vortexing, five minutes incubation at room 

temperature, and addition of 200 µl chloroform. After mixing, further incubation at room 

temperature for 2-3 minutes, and centrifugation (12,000 g) at 4°C for five minutes, the clear 

supernatant was mixed with 500 µl isopropanol (Merck, Darmstadt, Germany) followed by 

incubation at room temperature for ten minutes. After further centrifugation (12,000 g) at 4°C 

for ten minutes, the supernatant was discarded and the pellet inserted into 1 ml cold 75% 

ethanol followed by vortexing and centrifugation (7,500 g, 4°C, 5 minutes). In the final step, the 

pellet was dried and dissolved in RNase-free water. 

2.1.5 Library preparation 

Library preparations for human WES were performed with the Sure Select Target Enrichment 

Human All Exon v2 kit (Agilent, Santa Clara, USA), while libraries for the human WGS were 

created with the TruSeq DNA sample prep kit (Illumina, SanDiego, USA).  
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The murine DNA samples were used to create sequencing libraries with the Illumina TruSeq 

DNA sample prep kit (Illumina, SanDiego, USA). After pooling four samples together, the 

SureSelectXT Mouse All Exon kit (Agilent, Santa Clara, USA) was applied for the enrichment 

of the murine whole exomes. 

For the preparation of the murine transcriptome libraries, rRNA was removed with the 

Ribo-ZeroÊ Human/Mouse/Rat rRNA Removal Kit (Illumina, SanDiego, USA) followed by the 

library preparation with the TruSeq Stranded mRNA Sample Prep Kit (Illumina, SanDiego, 

USA). 

Library preparations were kindly performed by the NGS laboratory of the Institute of Clinical 

Molecular Biology in Kiel.  

2.1.6 Sequencing 

Cluster generation for human WES was performed with an emulsion polymerase chain 

reaction (ePCR) using the SOLiD PCR Kit (Applied Biosystems / Life Technologies, Darmstadt, 

Germany). Afterwards sequencing was conducted with a paired 50/35 run on the SOLiD 4 

System (Applied Biosystems / Life Technologies, Darmstadt, Germany). Each sample ran on 

a quarter slide, respectively. 

Cluster generations for human WGS, murine WES, and murine RNA-Seq were performed on 

the cBot (Illumina, SanDiego, USA) with the TruSeq PE Cluster Kit (Illumina, SanDiego, USA). 

Thereby, the kit version v2.5 was applied for the human MSI tumor and non-tumor sample from 

the first patient as well as for the MSS tumor sample from the second patient. The kit version 

v3 was used for the control sample from the second patient and all murine WES and 

transcriptome samples. After cluster generation, the sequencing was performed with the 

TruSeq SBS Kit (200 cycles, paired end modus, Illumina, SanDiego, USA) on the Illumina 

HiSeq 2500 (Illumina, SanDiego, USA). Each human WGS sample was placed on a complete 

flow cell, while each pool containing four murine samples were sequenced on one lane. 

The sequencing was kindly performed by the NGS laboratory of the Institute of Clinical 

Molecular Biology in Kiel.  

SNVs in the genes DROSHA, MSH4, RERE, ROS1, TACC2, and TYRO3 were additionally 

verified by pyrosequencing on a Pyromark Q24 device (Qiagen, Hilden, Germany). Primers for 

amplification of the respective gene regions and the corresponding sequencing primers are 

shown in Table S 5. The validations were kindly performed by the research group of Prof. Dr. 

Christoph Röcken at the Institute of Pathology in Kiel. 
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2.2 Bioinformatic analyses 

2.2.1 Databases and references 

The following databases were used to include known information about genes and variants in 

the analyses:  

The reference sequences hg19 and mm10 were received from the University of California, 

Santa Cruz (UCSC) Genome Browser Database [102]. For human samples, the variant 

annotation was based on all features described in the Reference Sequence database (RefSeq) 

provided by the NCBI (downloaded from http://hgdownload.cse.ucsc.edu in August 2011) 

[117]. In the murine samples, variant annotation and expression analyses were performed with 

all transcripts described in the UCSC database [102]. All transcripts annotated in RefSeq, 

which did not overlap with any UCSC gene, were added to the murine reference. The UCSC 

rRNA and tRNA positions were used for the calculation of the region distribution and the 

sense/antisense noise. All murine annotation references were downloaded from the UCSC 

homepage (http://genome.ucsc.edu/) on 05/08/2013.  

All protein-protein interaction networks were based on connections annotated in the STRING 

(Search Tool for the Retrieval of Interacting Genes/Proteins) database [118]. The interactions 

included the following eight different sources: text mining (occurrence of both protein names 

in the same abstract of a publication), co-expression (similar mRNA expression patterns), 

co-occurrence (similar absence/presence of the genes in the phylogenetic profile), database 

(relation derived from the databases Biocarta, BioCyc, GO, KEGG, and Reactome), homology 

(high degree of sequence homology), experiments (interaction based on experimental data 

like affinity chromatography, information is extracted from the databases BIND, DIP, GRID, 

HPRD, IntAct, MINT, and PID), gene neighborhood (adjacent genomic position), and gene 

fusion (known gene fusion). All types of information were used to calculate a combined 

confidence score for each connection. The STRING protein-protein interaction networks 

created in this thesis were based on confidence scores larger 0.4, which is equivalent to 

medium reliance.  

All pathway analyses were based on reaction networks annotated in the database Kyoto 

Encyclopedia of Genes and Genomes (KEGG) [119]. In addition, gene set enrichment 

analyses were based on functional groups annotated in the Gene Ontology (GO) [120] 

database. Exclusively the domains óMolecular Functionsô and óBiological Processô were 

considered. The GO database is structured as a directed acyclic graph, in which the root is the 

most general and the leaves are the most specific terms. Enrichment analyses were performed 

on all terms, but only the highest significant branch levels referring to the most general terms 

were completely reported in all analyses. 



 Material and Methods 

-30- 

SNVs and InDels, which were also observed in healthy individuals, were identified and 

annotated using the óSingle Nucleotide Polymorphism Databaseô (dbSNP) [121] hosted by the 

NCBI in collaboration with the National Human Genome Research Institute.  

Different variant sets were compared with the following databases to identify disease-related 

alterations: (i) The COSMIC (Catalogue Of Somatic Mutations In Cancer) [122] database 

contains information about cancer samples including mutations, tumor type, tissue, and 

patient. Moreover, a prediction about the functional consequence and the cancer driver 

potential calculated with FATHMM version 2.3 (Functional Analysis through Hidden Markov 

Models) exists for each annotated variant [123]. Genes with a cancer driver mutation in at least 

two samples described in the COSMIC database were defined as cancer-associated in my 

studies. Additionally, the COSMIC cancer gene census list were used as reference for known 

cancer-associated genes. (ii) The applied variant database is HGMD (Human Gene Mutation 

Database) [124] maintained by the Institute of Medical Genetics in Cardiff represents published 

gene lesions responsible for human inherited diseases. (iii) The used ClinVar database [125] 

contains reports of variants found in patient samples including assessment of their clinical 

significance and information about the submitter. (iv) OMIM [Online Mendelian Inheritance in 

Man, McKusick-Nathans Institute of Genetic Medicine, Johns Hopkins University (Baltimore, 

MD), http://omim.org] is a catalog of human genes and genetic disorders with particular focus 

on the molecular relationship between genetic variation and phenotypic expression. It is 

updated by the McKusick-Nathans Institute of Genetic Medicine of the Johns Hopkins 

University School of Medicine. (v) The used GWAS (genome-wide association study) [126] 

catalog of the National Human Genome Research Institute includes primary GWAS analysis, 

which are defined as array-based genotyping and analysis of at least 100,000 SNPs to 

highlight variation across the genome. 

Besides the usage of the mentioned databases, the cancer proliferation index (cPI) [127] was 

used to filter for genes potentially associated with CAC or GC. A negative cPI value indicates 

that the gene might be a tumor suppressor, while a positive cPI value points to potential 

oncogenes. Genes having a neutral cPI value are very likely not associated with the 

development of cancer.  

2.2.2 Statistical tests 

Pairwise comparisons were either performed with the Wilcoxon Rank-Sum test [128] for 

comparisons of independent sample groups, such as samples from different mice or with the 

Wilcoxon Signed-Rank test [128] for comparisons of matching sample groups, such as 

samples received from the same mice (e.g. tumor vs. proximal samples from AOM/DSS treated 

mice). Statistical significance of multivariate approaches were proven with the Kruskal-Wallis 

test [129]. In all tests, the following parameter were applied for the calculation of the p-values: 
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In case of a known hypothesis about the relationship of the sample groups, a one-tailed test 

was applied. Without any previous information, a deviation in both directions was considered 

as possible and a two-tailed approach was used. An unpaired test was performed for all 

comparisons between different sample types, e.g. between tumors and controls. In contrast, 

tumor and proximal tissue from the same AOM/DSS-treated mice were dependent and a paired 

test was applied to assess significance. 

The Fisher-Exact test [130] was used for all analyses of nominal variables, while comparisons 

between the distributions of two sets were performed with a binomial test. A linear model was 

used to test for significant differences between states described by several explanatory 

variables: First, the model was applied to test for a significant dependency between SNV count 

and gene expression (chapter 2.2.7.4). Second, the method was used to quantify the influence 

of different factors, including animal treatment and technical bias, on the mRNA levels (chapter 

2.2.5). For both analyses, the function 'lm' in R [131] was applied. 

For all investigations with more than one test, p-values were corrected with the 

Benjamini-Hochberg method [132] to control for multiple testing. In all analyses a 

p-value < 0.05 was considered as significant (*), a p-value < 0.01 as strongly significant (**) 

and a p-value < 0.001 as highly significant (***).  

2.2.3 Quality filter and mapping 

 Human samples 

The Illumina WGS sequences from patients with GC were mapped against the human genome 

reference build hg19 [133] using BWA version 0.5.9 [134]. The seed length was set to 35 with 

a maximum of two differences in this subsequence, while for all other parameters the default 

options were applied. This included a mismatch penalty of three, a gap opening penalty of four 

and a maximum edit distance of 0.04. The SOLiD WES reads were aligned with Bioscope 

version 1.2.1 (Applied BiosystemsTM) using the default parameters. Reads with 

mapping/pairing quality less than eight or an alignment-length/read-length ratio less than 0.85 

were excluded from further analyses. 

Read pairs that have identical 5' coordinates and orientations were called duplicates except 

the read pair with the highest sum of quality scores. Thereby, only quality scores of 15 or larger 

were considered. Duplicates were marked with the Picard tool MarkDuplicates version 1.41 

(downloaded from http://picard.sourceforge.net) and removed from further analyses. The 

coverage for the WES and WGS was calculated with all mapped reads excluding duplicates.  
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 Murine samples 

The following quality filter steps were applied for all reads before performing the mappings: 

First, reads classified as bad quality by the Illumina CASAVA version 1.8.2 pipeline (flag óYô) 

were excluded. This step was performed with the script fastq_illumina_filter-Linux-x86_64.bin 

(downloaded from http://cancan.cshl.edu). Afterwards, all bases with a quality score lower than 

12 were trimmed from both ends of the sequences. Next, all reads having eight or more 

undefined bases (óNô), a mean quality score below 15 or a length smaller 20 were discarded 

using the tool prinseq-lite version 0.20.3 [135]. Exclusively pairs, in which both reads passed 

the quality filter, were considered for further analyses.  

The quality filtered read pairs were mapped against the mouse genome reference build mm10 

including random chromosomes (unlocalized and unplaced contigs). Unplaced sequences are 

defined as contigs with unknown position in the assembly. Unlocalized contigs are associated 

with a specific chromosome but cannot confidently be placed on the chromosome. The 

mappings were performed with BWA version 0.6.2 for the WES data. The seed length was set 

to 35 with maximum two differences in this subsequence. For all other parameters, the default 

options were applied. Duplicates were marked with the Picard tool MarkDuplicates version 

1.41 and excluded from further analyses of the WES data. The transcriptome data were aligned 

with TopHat version 2.0.8b using the sensitive option [136].  

2.2.4 Quality control of transcriptome data 

For each sample, the numbers of k-mers with a length of nine bases were counted for all 

mapped reads with the program Jellyfish version 2.1.3 [137]. Before each pairwise 

comparison, the k-mer counts were scaled to correct for differences in the sequencing depth. 

In detail, the ratio of the total amount of k-mers between two samples was used to scale all 

values to the smaller profile. The distance between two samples was calculated with the 

function f(x,y) = |x-y| / ((x+1)*(y+1)). The median of all pairwise comparison of one sample was 

defined as K-dist. 

The D-dist was based on the expression values of all transcripts and calculated as the median 

of all pairwise spearman correlation coefficients between one and all others samples. The 

outlier threshold for the K-dist and the D-dist was set to 1.5 times of the interquartile range 

[(Q1 - 1.5 x (Q3 - Q2)) and (Q3 + 1.5 x (Q3 ï Q2))].  

A test for a systematic 3' or 5' bias of the transcripts was performed with the script 

CollectRNASeqMetrics, which is part of the program Picard (http://picard.sourceforge.net). The 

same function provided also information about the regional distribution of the reads and the 

percentage of sense/antisense noise.  
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2.2.5 Factors influencing the variation in mRNA expression and SNV formation 

The contribution of different factors like treatment or technical bias to the variation in 

transcriptome and exome data was calculated as described by van 't Hoen et al. [138]. The 

analysis was performed for the following features: expression level per gene, SNVs, genes 

affected by at least one SNV, and number of SNVs per gene. In short, for each feature (e.g. 

expression level), a standard linear model was fitted using the R function 'lm' followed by an 

ANOVA [139] analysis. The percentage explained by each factor such as treatment, library 

batch, and sequencing run was calculated from the resulting ANOVA tables by dividing the 

sum of squares by the total sum of squares. All comparisons with warning message indicating 

an unreliable F-test were excluded. Genes expressed in less than three samples were not 

considered for the investigation of factors influencing the mRNA level. In the WES data, the 

analysis was exclusively based on SNVs or affected genes, which existed in at least three 

samples. The distribution of the percentage of variance explained by different factors across 

transcripts was visualized with boxplots.  

2.2.6 Test for bacterial or viral infection 

To test for bacterial or viral infection, from each tumor sample over 20,000 unmapped reads 

with more than 95 bases having a quality score larger 35 were blasted against the NCBI 

nucleotide collection database óntô [140]. Furthermore, all reads with a quality score larger than 

20 at 80 or more positions were assembled with Velvet version 2.06 [141] and the resulting 

contigs again blasted against the NCBI database óntô. 

2.2.7 Investigation of variants 

 Calling and annotation of SNVs and small InDels in human samples 

SNV calling was performed with GATK version 1.3 [142], diBayes (Bioscope version 1.2.1), 

and Samtools version 0.1.16 [143] in the WES data and with Samtools as well as GATK in the 

WGS mappings. Small InDels were detected with diBayes (Bioscope version 1.2.1) in the WES 

and Samtools version 0.1.16 in the WGS mappings. The applied parameters are described in 

the supplementary chapter 6.1.5. All variants called on chromosome Y were excluded, 

because exclusively samples from female patients were investigated. Thus, reads mapping to 

chromosome Y were most likely caused by homolog regions. 

Annovar (version Jun 2011) [101] was applied for the annotation of SNVs and small InDels. 

The genomic region types are described in the supplementary Table S 6. A base substitution 

was classified as damaging, if either PolyPhen-2 [144] or SIFT [145] predicted an effect on the 

function of the protein (PolyPhen-2 score Ó 0.43 or SIFT score < 0.05). The SIFT scores were 

calculated as 1-SIFT. The PhyloP [146] score rescaled by dbNSFP [147] to [0.1] was applied 

for conservation information of each genomic position. Positions with a value above 0.9995 
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were defined as highly conserved. SNVs that were not annotated in dbSNP build 132 were 

classified as novel. The allele frequency information for known SNVs was based on the 2011 

May release of the 1000 Genome project data for the CEU population (Utah residents with 

northern and western European ancestry) [148]. All variants detected by the NHLBI Exome 

Sequencing Project (ESP) version 2 or by the Exome Aggregation Consortium (ExAc) version 

0.3 were excluded from the final reported variant tables. The ExAc_Aggregated_Populations 

frequencies applied in the GC study were based on sequencing data sets of 60,706 unrelated 

individuals, which were part of disease-specific or population genetic studies of ExAc. The 

databases OMIM, HGMD [124] and GWAS [126] were checked for known cancer-associated 

SNVs. 

The allele counts for each position were calculated with the Samtools pileup tool version 

0.1.16. Exclusively reads with a minimum mapping quality of 60 and bases with a quality score 

of at least 13 were considered. A threshold of 5% allele support was set for the existence of 

an SNV.  

The investigation of base substitutions potentially associated with GC were performed with the 

union of SNVs called with Samtools (WES, WGS) and diBayes (WES), while SNVs called with 

GATK were only used for pathway analysis. Only SNVs and small InDels supported by five or 

more percent of the reads in the WES as well as in the WGS data were considered for further 

filter steps on variant level. An SNV was defined as somatic, if neither in the WES nor in the 

WGS data of the matching control sample five or more percent of the reads supported the 

variant. A small InDel was classified as somatic, if in the WES and WGS data of the matching 

control sample, less than five percent of the reads supported the identical InDel or another 

InDel at the same or an adjacent position. InDels were also excluded from the final InDel lists 

described in the supplement, if the exact same InDel type was called in one of the six adjacent 

base pair positions in the matching control (WES or WGS).  

The investigation of SNV patterns described in chapter 2.2.7.4 was based on all SNVs called 

with Samtools in the WGS data. 

 Calling and filtering of SNVs and small InDels in murine samples 

In the murine WES data, SNVs were called with GATK version 2.3.9 [142], Samtools version 

0.1.19 [143], and VarScan version 2.3.5 [149], while small InDels were detected with the 

following programs: (i) Breakdancer version 1.2 [150] followed by Pindel version 0.2.4d [151] 

to increase sensitivity and specificity of the calls, (ii) Samtools version 0.1.19, and (iii) VarScan 

version 2.3.5 [149]. The applied parameters for variant calling are described in the 

supplemental chapter 6.1.7. All SNVs, which were called with at least one tool, were 

considered for further analyses. To classify the genomic region type (e.g. exonic, UTR)  

(Table S 6) of each variant, the program Annovar version 2013-08-23 was applied. The dbSNP 
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build 137 was used to remove variants, which were already found in untreated wildtype mice. 

PhyloP scores rescaled by dbNSFP to [0.1] were applied to determine the conservation of 

each position. The allele counts for all filter steps were based on an mpileup file created with 

Samtools version 0.1.19. Here, the filtering for base and mapping quality was switched off, 

while all other parameters were set to default.  

A base substitution was classified as somatic, if it was not supported in more than one control 

sample by five or more percent of the reads. Somatic variants were investigated to reveal 

mutation patterns and SNVs potentially associated with murine inflammation-triggered 

colorectal cancer. In contrast, an SNV, which was supported by Ó 5% of the reads in at least 

two control samples, was defined as germline. These variants were used to investigate 

differences between the strains C57BL/6N and C57BL/6J, which in turn deciphered SNV 

patterns formed by evolutionary processes. A different mouse strain was used for the 

mappings and annotation (C57BL/6J) compared to the mouse experiments (C57BL/6N), 

because a reference for the mouse strain C57BL/6N is missing so far.  

Besides the direct annotation and filter process in the murine genome, a second approach was 

used to identify SNVs potentially associated with inflammation-triggered colorectal cancer. 

Here, the positions of all SNVs were converted to the human build hg38 using the liftover tool 

from UCSC [152]. All base substitutions were annotated with Annovar version 2013-08-23 

based on the NCBI RefSeq genome annotation [117]. The thresholds for the damaging 

prediction of PolyPhen2 and SIFT as well as the PhyloP conservation were based on the 

classification provided by Annovar. In contrast to variant annotation in the GC project, the SIFT 

scores were not transformed. As a result, an SNV was classified as deleterious with a 

pathogenicity larger 0.95. SNVs were defined óknownô, if they were listed in dbSNP build 138. 

 Definition of the exonic gene conservation score  

An additional indicator was defined to identify potentially clinically relevant exonic variants in 

small human sample sets. Based on 1092 samples from the 1000 Genomes Project, the exonic 

gene conservation score (ECS) compared the non-synonymous variant rate (germline and 

somatic) within the exonic regions of the gene of interest with the average non-synonymous 

variant rate (germline and somatic) across all exonic regions of the genome. To ensure 

comparability between genes, the score was normalized by the exon lengths. Thus, the smaller 

the ECS, the higher is the conservation of the exonic regions of the gene and the more likely 

is an association of alterations in the gene with a disease. Genes with ECS < 0.01 were defined 

as conserved. The ECS was computed with the following formula:   

%#3
Π ÖÁÒÉÁÎÔÓ ÉÎ ÇÅÎÅ Ø 4ÏÔÁÌ ÌÅÎÇÔÈ ÏÆ ÅØÏÎÉÃ ÒÅÇÉÏÎÓ

,ÅÎÇÔÈ ÏÆ ÅØÏÎÉÃ ÒÅÇÉÏÎÓ ÏÆ ÔÈÅ ÇÅÎÅ Ø !ÖÇȢÔÏÔÁÌ Π ÅØÏÎÉÃ ÖÁÒÉÁÎÔÓ Ø Π ÓÁÍÐÌÅÓ
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 Investigation of SNV patterns 

The investigation of the SNV type distribution was based on the six SNV classes C>A (G>T), 

C>G (G>C), C>T (G>A), T>A (A>T), T>C (A>G), and T>G (A>C). The analyses of the SNV 

patterns including the flanking bases were performed as described in Nik-Zainal et al. [153]. In 

short, a genomic heatmap, which was based on the counts of each SNV trinucleotide type 

corrected for the frequency of the three base sequence in the reference genome, was 

constructed using the R command 'heatmap.2' [154]. In addition, an Euclidean distance matrix 

predicated on the normalized trinucleotide incidences was calculated using the R function 'dist' 

[131] followed by an unsupervised hierarchical clustering with the R method 'hclust' [131]. 

Besides the SNV type distribution, it was investigated whether the SNV pattern of 

AOM/DSS-induced colorectal cancer was characterized by a strand bias. First, the number of 

mutated genes were compared between the Watson and the Crick strand. Thereby, the 

reference strand (Watson strand / forward strand) was defined as plus strand in the UCSC 

database. This means that the Watson strand harbored the 5'-end on the short arm of the 

chromosome, while the Crick strand (minus strand / reverse strand) had the 5'-end on the long 

arm. In addition, differences between coding (sense) and non-coding (antisense) strand were 

investigated in intragenic regions. The coding strand referred to the DNA strand whose 

nucleotide sequence is identical with the sequence of the produced RNA transcript (except the 

replacement of thymidine by uracil), while the non-coding strand was defined as the transcribed 

strand. Only exonic SNVs were considered for the investigation of a strand bias. Mutation 

positions belonging to several genes/transcripts on the same strand were counted just once. 

If two overlapping genes were on different strands, SNVs in the shared region were counted 

for both strands.  

Principle coordinate analyses (PCoA) were performed with the R command ópcoaô of the R 

package óapeô (version 5.2) [155] to test for sample clustering. Therefore, the distance matrix 

based on Jaccard indices was calculated with the method veggdist of the R package óveganô 

(version 2.5-3) [131]. A PCoA was performed for each of the following three data sets: (i) exonic 

SNVs and InDels, (ii) genes affected by at least one SNV or InDel, and (iii) number of mutations 

per gene. All three categories were based on either all or only non-synonymous variants. To 

test whether two groups within a PCoA were significantly different, all distances to samples 

within the same group were compared with all distances to samples from the other group with 

a Wilcoxon Rank-Sum test (Wilcoxon Signed-Rank test for the comparison between proximal 

samples from AOM/DSS treated mice and tumor samples from AOM/DSS treated mice).  

The occurrence of hypervariable regions was tested by the construction of rainfall plots, in 

which distances between adjacent substitutions have been visualized with the R function 'plot' 

[131]. Moreover, a sliding window approach was applied to receive a more detailed description 
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of the base substitution clusters. In this method, the number of SNVs within a specific 

nucleotide window were counted. The first investigated region started at the first position of the 

first chromosome. Then, the window was slid over one nucleotide and the number of SNVs 

was counted again. If for one region the SNV count was higher than the value defined in the 

parameters, the region size was consecutively extended to the next SNV until less than the 

initial number of variants was detected in the range of the initial window size. The window was 

slid along the complete genome until the end of the last chromosome. Based on the results of 

previous studies [5, 156], the following start parameters were chosen for the initial tested 

region: (i) eight somatic SNVs in a 160 bp window to detect small clusters and (ii) 50 somatic 

SNVs within a 5000 bp window to detect large clusters with low density. 

To test for a relationship between gene expression and mutation rate, the genes were divided 

into six FPKM-classes: unexpressed genes (< 0.01), lowly expressed genes (0.01-1), three 

classed of moderately expressed genes (1-2 / 2-5 / 5-10), and highly expressed genes (Ó 10). 

A normalized SNV count was calculated for each class. This was defined as the total length of 

the coding parts of all genes within the expression class divided by the number of SNVs. 

Overlapping regions from different isoforms of the same gene were merged.  

In the human samples, underlying molecular signatures of the SNV patterns were investigated 

with the R package SomaticSignatures [157], while the influence of signatures annotated in 

the COSMIC database (http://cancer.sanger.ac.uk/cosmic/signatures, [122]) to the observed 

GC mutational patterns were calculated with the R package deconstructSigs [158]. The 

decomposition was performed with non-negative matrix factorization. In the murine samples, 

the comparison with known mutational signatures reported in the COSMIC database and the 

assembly of novel signatures were performed with the R package MutationalPatterns [159]. 

 Detection of large structural variants in the GC study 

Large deletions, inversions, tandem duplications, and interchromosomal translocations were 

called with Breakdancer version 1.2 [150]. Sensitivity and specificity of the first three listed 

structural variant (SV) types were increased by the application of Pindel version 0.2.3 [151]. 

Two translocations were merged to one SV, if the called positions of the respective breakpoints 

were smaller than 25,000 bp. 

At the time of my analyses, no publicly available tool for the detection of large insertions was 

able to include mapped as well as unmapped reads. Therefore, a novel pipeline for the 

detection of large insertions was developed in the course of my studies (Figure 2-2). In the first 

step, all unmapped reads with a quality score larger than 20 at 80 or more positions were 

assembled with Velvet version 1.2.06 [141] in the tumor samples. The resulting contigs were 

aligned with the BLAST-like alignment tool (BLAT) version 34 [160] provided by UCSC 

Genome Browser Database to the human reference build hg38 to find putative insert sites. If 
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at least 50 nt of the contig start and 50 nt of the contig end matched to genomic regions within 

less than five bases distance, the position was considered as a putative insert site. Thereby, 

the aligned sequences had to be less than 10 nt away from the contig start / end. Insertions 

smaller than five bases were excluded. Next, all unmapped reads of the corresponding control 

samples were mapped against all Velvet contigs of the tumor sample. Contigs, which were 

covered at 90% or more positions, were defined as germline variant and not considered for 

further analyses. All putative insert sites were annotated with custom script, while BLAST 

analyses of inserted sequenced were performed.  

 

Figure 2-2 Workflow for the detection of large insertions 

All structural variants were filtered with the help of split reads and the paired end information 

of mapped sequences. Moreover, unmapped reads were investigated to enable the 

identification of split reads, in which the read sequence fitted either to positions on different 

chromosomes or had a large gap between the aligned positions. Therefore, all high quality 

unmapped reads were aligned against the human reference hg19 with BLAT version 34. 

Thereby, high quality reads were defined as sequences with a quality score greater than or 

equal to 35 at 95 or more positions. All reads, which had one hit with at least 92 mapped bases 

without gap, were excluded from further analyses. Exclusively reads with exact two alignment 

parts were considered for further analyses. These two genomic positions were required to 
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cover together at least 92 bases of the read with a maximum of five bases existing in both read 

parts. The principle of split reads and read pairs to screen SVs, including the required numbers 

to pass the quality filter, are described in Figure 2-3. The detailed criteria, which split reads 

and read pairs had to fulfill in order to support a large SV, are described in the supplementary 

methods (chapter 6.1.8).  

 
Figure 2-3 Principle of split reads and read pairs to filter structural variants 
The figure visualizes, how split reads or read pairs can support the existence of an SV. The number of supporting 
split reads and read pairs, which were required to pass the quality filter, are mentioned in the column ñPassed filterô. 
Split reads were either detected using a BLAT alignment (unmapped reads) or reported by the program Pindel. The 
percentage of the read pairs was based on the number of read pairs supporting the SV divided by all read pairs in 
the relevant region multiplied with 100.   

To identify somatic variants, the quality filtered SVs called in the tumor samples were 

compared with the unfiltered SVs detected in the controls. An interchromosomal translocation 

was defined as somatic, if no breakpoint of an interchromosomal translocation detected in the 

controls was located in the neighborhood of the interchromosomal translocation breakpoints 

called in the tumor samples (distance < 100 bp). A deletion, inversion or tandem duplication 

was classified as somatic, if none of the respective SVs detected in the controls overlapped 

with the SV regions called in the tumor samples.  

The visualization of large SVs was performed with Circos version 0.62 [161]. All steps of the 

variant calling and filtering pipeline applied in the GC study are summarized in Figure 2-4. 
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Figure 2-4 Variant calling and filter pipeline for human samples (GC project) 

2.2.8 Investigation of differentially expressed genes 

The read counts per transcript were calculated with the Python script HTSeq version 0.5.4 

[162] for reverse stranded libraries. Reads overlapping with more than one feature were 

handled with the mode óintersection-strictô. This setting uses exclusively sequences that are 

completely aligned within the exon boundaries and that can unambiguous be assigned to one 

gene. Reads with an alignment quality lower 20 were skipped. The p-values for differentially 

expressed genes were calculated with DeSeq2 version 1.4.5 [163]. The applied methods 

provided by the DeSeq2 package were based on (i) the estimation of size factors, which control 

for differences in the library sizes of the sequencing experiment, (ii) the estimation of dispersion 

for each gene, and (iii) negative binomial generalized linear models (ónbinomWaldTestô). To 

improve stability, a shrinkage estimation for dispersions and fold changes were applied. The 

function óreplaceOutliersWithTrimmedMeanô was used to detect and remove outliers for each 

gene.  
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The distances between samples were calculated using the R function 'dist' with Euclidean 

distance based on regularized logarithm transformed (órlogô) read counts per gene. The R 

function 'rlog' creates log2 scaled values, which have been normalized with respect to the 

library size. With this method differentially expressed genes of all expression levels are 

supposed to have the same influence on the distance calculation. Afterwards, classical 

multidimensional scaling (MDS) was performed with the function 'cmdscale' [131] using a 

two-dimensional space for representation of the data. The MDS plot was created with the 

resulting eigenvalues using the R function 'ggplot' [164]. This analysis was also used for the 

detection of sample outliers. After outlier removal, all steps after counting the reads per gene 

were repeated.  

FPKM (fragments per kilobase of exon per million fragments mapped) values were computed 

with Cufflinks version 2.0.2 [165]. A bias detection and correction algorithm was applied as 

well as an initial estimation procedure to weight reads, which mapped to multiple locations in 

the genome. Exclusively fragments that aligned to a position of an annotated transcript were 

used for normalization.  

Heatmaps were created by applying the R function 'heatmap.2'. The dendrograms were based 

on hierarchical clustering performed with the R function 'hclust'. The input matrix for the 

hierarchical clustering was calculated with the R function 'dist' using Euclidean distance. For 

the investigation of specific disease characteristics such as tumor stage, tumor localization, 

and intestinal prolapse, a k-means clustering using the R function ókmeansô was applied 

instead of a hierarchical clustering.  

2.2.9 Detection of novel transcriptionally active regions 

Novel transcriptionally active regions (nTar) are expressed genomic loci, which are not 

annotated yet. This include e.g. extended UTR regions, additional exons, and undetected 

coding or non-coding genes. At the point in time of my analyses, no publicly available tool was 

able to detect, characterize, and filter nTars in detail. To fill this gap, a new program was 

developed in the course of my studies.  

The novel nTar detector was written in Perl and runs on all Windows as well as Linux system 

with an installed Bio-Samtools version (version 5.10.1 or higher). The program requires the 

annotation of known transcripts in Gene Transfer Format (gtf) or General Feature Format 3 

(gff3) and the alignment results in mpileup (only available for unstranded sequencing data), 

sam or bam format as input. The workflow and features are summarized in Figure 2-5. After 

mapping, the tool detects all covered regions, which have not been annotated yet. Thereby, 

strand-specific as well as unstranded RNA-Seq data can be handled. This initial step is 

followed by a quality control to distinguish between mapping artifacts and real nTars. This 

includes the calculation of a mean and median alignment penalty score, which is based on the 
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number of mismatches, inserted or deleted bases of a read. Moreover, the average mapping 

qualities provided by the alignment tool and the average base qualities can help to exclude 

false positive nTars caused by mismapped reads in e.g. repeat regions. The credibility of an 

nTar is further assessed by the average coverage, the length of the nTar as well as the number 

of supporting reads and start points.  

 
Figure 2-5 Workflow and features of the nTar detector 

After the quality filtering, the program offers the possibility to characterize the nTars, i.e. to 

check for reading frames, start / stop codons, and splice sites. Furthermore, read pairs and 

split reads are used to investigate whether the potential nTar is connected with any other 

known or novel transcripts. As described earlier in Klostermeier et al. [166], nTars are assigned 

to the following region classes (Figure 2-6): (i) The regions upstream gene neighborhood 

(UGN) and downstream gene neighborhood (DGN) include nTars, which have a distance of 

less than 10,000 bp to the next annotated gene but do not overlap with any known exons. (ii) 

Up- and downstream gene intersecting events (UGI/DGI) start directly at the UTR region of an 

annotated gene without any gap. (iii) Intronic nTars, which are immediately adjacent to a known 

exon without covering the whole intron, are classified as exon-linked downstream (ELD) or 

exon-linked upstream (ELU). (iv) An nTar is defined as intron-spanning element (ISE), if the 

nTar covers the whole intron, while (v) an nTar that is located in an intron region without direct 

contact to a known exon is called intronic gene element (IGE). (vi) If an nTar does not belong 

to any of these classes, it is described as intergenic element (INTER, not shown in Figure 2-6). 

In case of stranded RNA-Seq data, the nTar region must have the same orientation as the 

annotated transcript to be classified into the respective category. Thus, four additional classes 

were defined for nTars on the opposite strand: (a) antisense exonic (ASE), if the nTar is 

antisense to an exonic region, (b) antisense intronic (ASI), if the nTar is antisense to an intron 
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and (c) antisense upstream/downstream neighborhood (AS_UGN / AS_DGN), if the distance 

to a known gene on the other strand is smaller than 10,000 bp without any overlap to the exon, 

respectively. Due to different isoforms and genes, a single nTar event might belong to several 

of the defined classes. Thus, the program shows for each nTar the classes of all affected 

isoforms separately as well as a merged version for each affected gene. Regardless of the 

region category, the closest genes on both strands in both directions are shown in the output 

file of the tool.  

 

Figure 2-6 Description of possible nTar regions 
(A) Possible nTar regions after sequencing with a strand-specific library protocol. (B) Possible nTar regions after 
sequencing with an unstranded library protocol. UGN = upstream gene neighborhood, UGI = upstream gene 
intersection, AS_UGN = antisense upstream gene neighborhood, ELD = exon linked downstream, IGE = intronic 
gene element, ELU = exon-linked upstream, ISE = intron-spanning element, ASE = antisense exonic, 
ASI = antisense intronic, DGI = downstream gene intersection, DGN = downstream gene neighborhood, 
AS_DGN = antisense downstream gene neighborhood.  

Another feature of the presented program includes the support of intersample comparison of 

nTars. The first option enables to investigate the relation of the nTar expression level to known 

transcripts. For each nTar, a Spearmanôs rank correlation is performed with all genes, which 

are adjacent, overlapping (intronic or antisense) or connected. The second option of the 

intersample comparison helps to detect differentially expressed nTars between different 

sample groups. Therefore, the program offers two possibilities: (i) For each nTar, the read 

counts are provided as possible input for other publicly available tools such as DeSeq2. 

(ii) Additionally, it is possible to apply a Fisherôs exact test to investigate whether significantly 

more samples of one condition harbor the nTar in comparison to another group. For all 

intersample comparisons, a strict and a merged alternative exists (Figure 2-7). The strict 
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version compares exclusively nTars having the exact same position. In the merged model, all 

overlapping nTars of all samples are merged together to one ómeta-nTarô.  

 
Figure 2-7 Differences between strict and merged nTar positions 

The following parameters were used to detect nTars associated with murine 

AOM/DSS-induced colorectal cancer: The minimum length for nTars was set to 50 bp, while 

the average coverage had to be larger or equal to ten. A minimum of ten supporting reads with 

different start points was required. The threshold for the median alignment penalty score was 

set to three. The average base quality score had to be larger than 15 and the average mapping 

quality at least 30. For the investigation of differentially expressed nTars, the merged version 

was applied 

2.2.10  Investigation of splice variants 

A direct investigation of transcript abundances might be inaccurate, because in regions 

covered by several genes or isoforms, an unambiguous allocation of the reads to the 

transcripts is impossible and thus, the expression level can only be approximated. Therefore, 

each splicing type was considered separately. First, an inclusion level of each internal exon 

was calculated with the PSI (Percent Spliced In) value. The measure was computed according 

to Wang et al. [167], for which three types of read positions were used: (i) number of reads 

that mapped completely to the investigated exon, (ii) number of split reads that supported the 

inclusion of the exon, (iii) number of split reads that skipped the exon and thus supported the 

exclusion of the exon (Figure 2-8). The PSI value was defined as the number of reads 

supporting the inclusion of the exon divided by the number of reads supporting either the 

inclusion or the exclusion of the exon. In particular, a PSI value of one means that the exon is 

fully included, while zero stands for an exclusion of the exon.  

 
Figure 2-8 Calculation of Percentage Spliced In values 
The calculation of the PSI value was based on three read types: (i) reads mapping completely to the exon of interest 
(grey), (ii) split reads connecting an adjacent exon with the exon of interest (black), and (iii) split reads connecting 
the adjacent exons (green). The PSI was defined as the number of reads supporting the inclusion of the exon (grey 
+ black) divided by the number of reads supporting the skipping of the exon (green). 
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As second splice form, intron retention events were investigated. Therefore, the number of 

reads mapping to a specific intron was divided by the number of reads mapping to the adjacent 

exons. To avoid artifacts, the average coverage of the intron had to be larger than 2x in at least 

one sample type, while the ratio between intron and exon had to be larger 0.2 at the same 

time. A similar method was applied to test for skipping of the first or last exon. In this case, the 

ratio between reads mapped to the outer exon and the adjacent exon was calculated.  

In the third approach, shifts of the donor or acceptor splice sites were investigated. Therefore, 

the ratios between the two major donor sites across all samples were calculated at all known 

acceptor sites. Splice events and donor sites were defined using the existence of split reads. 

Reads covering the splice site and at least 20 bp of the intronic region supported the case that 

no splice event exists at the investigated position in the library. The same approach was vice 

versa applied for all annotated donor sites. 

For all computed ratios and PSI values, a pair-wise comparison between tumor and control 

samples was performed with a two-tailed Wilcoxon Rank-Sum test followed by a 

Benjamini-Hochberg correction for multiple testing. 

2.2.11  Gene set enrichment analyses based on SNVs and small InDels 

Most of the publicly available tools for pathway analyses were designed for transcriptome 

studies and do not consider parameters like gene length or gene conservation that bias the 

number of variants per gene. Therefore, for each pathway, the number of non-synonymous 

SNVs and InDels as well as the number of genes affected by at least one non-synonymous 

SNV or InDel were compared between tumor samples and controls. 

To perform gene set enrichment analyses despite the small group sizes in the GC study, 

germline SNVs of 1092 samples out of the 1000 Genomes Project were annotated with 

Annovar version 7 and used as control set. For each pathway, the number of genes affected 

by a non-synonymous variant as well as the maximum and average number of all SNVs were 

computed for each sample. Besides the investigations based on all non-synonymous variants, 

the analyses were repeated using only SNVs, which were predicted to be damaging to protein 

function. Due to the investigation of just two tumor samples, the power of the study was too 

low to calculate a reliable p-value. Therefore, the number of affected genes/SNVs per pathway 

was compared between the tumor samples and the average/maximum count in the samples 

of the 1000 Genomes Project. This strategy revealed pathways, which were more often 

affected than in healthy individuals. To ensure the comparability between samples investigated 

in this study and those of the 1000 Genomes project, exclusively SNVs called with GATK using 

the same parameters like in the 1000 Genomes project were considered for this part of the 

study. The analyses were performed for all pathways annotated in the KEGG database and all 

terms described in the GO database.  
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In the CAC study, tumor samples were compared with the pool of control and DSS samples. 

Significant changes in pathways annotated in KEGG were assessed employing a one-tailed 

Wilcoxon Rank-Sum test. The false discovery rate was controlled with the Benjamini-Hochberg 

approach.  

2.2.12  Gene set enrichment analysis based on genes 

For pathway analyses, which were independent of gene length and gene conservation, publicly 

available tools were applied. These programs were used for genes, which were previously 

filtered by e.g. variant count on gene level or expression values. 

Gene set enrichment analyses based on pathways annotated in the KEGG database were 

performed for differentially expressed genes with the online tool InnateDB [168], whereby the 

correction for multiple testing was performed with the method developed by Benjamini and 

Hochberg using the R function óp.adjustô. The gene set enrichment analyses based on gene 

ontology (GO) terms was performed with the program g:Profiler [169]. Only terms categorized 

as óBiological processô or óMolecular functionô were subjected to this analysis. The intersection 

size (Q&T) between GO-term and input genes was set to two. The false discovery rate was 

again controlled with the Benjamini-Hochberg approach.  

The online tool Pscan v1.4 [170] was applied to investigate whether promoters of differentially 

regulated genes (p<0.001 an fold change > 4) were enriched for any conserved transcription 

factor binding sites. 
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 Results 

Parts of the GC study have been published in Esser et al. (2017) [171]. Parts of the study to 

investigate the molecular background of murine inflammation-associated colorectal cancer 

have been submitted for publication [172]. This is the case for all chapters, including 

introduction, material and methods, results, and discussion. 

3.1 Investigation of human gastric cancer 

The complete workflow of the human GC study is summarized in Figure S 1. 

3.1.1 Study patients  

Samples from two female patients were retrieved from the archive of the Institute of Pathology 

at University Hospital Kiel. The first patient died from a moderately differentiated, highly 

microsatellite unstable, intestinal type GC of the antral mucosa (tumor stage pT3 pN0 (0/20) 

L0 V0 R0 G2) without histological evidence of an EBV-infection. The second patient was 

diagnosed with a moderately differentiated, microsatellite stable, intestinal type GC of the 

antral mucosa (tumor stage pT4 pN1 (2/21) L0 V0 R0 G2). 

3.1.2 Sequencing and mapping results 

The whole exome and whole genome of one MSI (first patient) as well as one MSS (second 

patient) gastric carcinoma and the matched healthy tissues were sequenced with the 

SOLiDÊ 4 System from Applied Biosystems / Life Technology and the Illumina HiSeq 2500, 

respectively. In the WES (SOLiD), between 160 and 199 million reads with a length of 50 bp 

(forward read) and 35 bp (reverse read) were produced per sample. Between 64% and 74% 

could be aligned to the reference, of which 24% to 38% were marked as duplicates. Around 

60% of the bases were located in enriched genomic sections resulting in a median coverage 

between 28x and 41x in the target regions (Table S 7, Figure 3-1 A). The output for the WGS 

(Illumina) contained between 2.8 and 6.3 billion reads with a read length of 100 bp. Over 90% 

could be mapped to the genome, of which between 15% and 72% were marked as duplicates. 

This resulted in a median coverage of 25x to 84x (Table S 8, Figure 3-1 B). Although the 

percentage of covered bases was lower in the non-tumor sample of the second patient (WGS 

data), all reported filtered variants were covered by at least three reads in both data sets of the 

second patient. It has to be noted that the coverage in the WES data of the MSI tumor (first 

patient) was lower than in the other data sets. This could have led to a detection lack of some 

variants, but had no influence on the reported variants and the described mutational patterns. 

The sequencing results confirmed that neither a viral nor a bacterial infection was present in 

the tumor samples. Also a contamination could be excluded. 
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Figure 3-1 Coverage distribution of samples from patients with GC 
(A) Results based on WES. (B) Results based on WGS. 

3.1.3 Investigation of variants 

The workflow to filter variants including the number of reads and variants after each step is 

summarized in Figure 3-2. 

 

Figure 3-2 Workflow of WES and WGS including subsequent data analyses 
The figure displays the number of variants and reads per sample after each step in the analyses of the GC study. 

 SNV and small InDel calling 

Several variant caller were used to detect SNVs and small InDels, which were filtered by allele 

fractions afterwards. This methodology was applied to identify the most robust call sets. 

Depending on the sequencing data set and the applied SNV caller between 41,924 and 97,771 
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germline or somatic SNVs were detected in the WES and around three million SNVs in the 

WGS mappings (Figure 3-2). The numbers of raw somatic SNVs are shown in Table S 9. A 

comprehensive comparison of the variant callers (supplementary chapter 6.2.1.2) 

demonstrated a low number of SNVs exclusively detected with GATK. Thus, the results of this 

caller were only considered for pathway analyses to enable a comparison with samples from 

the 1000 Genomes project (chapter 3.1.4). The union of all variants called by at least one caller 

(except GATK) in the WES or WGS data, which had a supporting mutant allele fraction larger 

5% in the WES and WGS data, were defined as cross platform variants. All variants reported 

by one of the applied variant callers without verification with the second sequencing technology 

were named single technology variants. Out of the cross platform variants, 202 and 76 filtered 

SNVs were somatic (i.e. present only in the respective tumor sample) in the MSI tumor of the 

first patient and the MSS tumor of the second patient, respectively. Based on the mutant allele 

fractions of somatic SNVs called in the WGS data, the tumor cellularity was estimated to be 

around 30% for the MSI and 48% for the MSS tumor sample (Figure S 8). 

In the WGS data, 1,234,100 germline or somatic InDels (324,205 insertions / 909,895 

deletions) were detected in the MSI tumor sample and 773,010 germline or somatic InDels 

(292,938 / 480,072) in the control sample of the first patient. In the WES data of the first patient, 

4,425 and 4,491 germline or somatic small InDels were identified in the MSI tumor and control 

sample, respectively. This resulted in 239 cross platform InDels, which were somatic, 

frameshift, and novel. In the WGS data of the second patient, 907,184 germline or somatic 

small InDels (346,265 / 560,919) were called in the MSS tumor sample and 930,926 

(363,052 / 567,874) in the matching control. In the WES data of the second patient, 4,137 

germline or somatic small InDels were found in the MSS tumor sample, while 4,370 germline 

or somatic small InDels were detected in the corresponding control (Figure 3-2). Out of this, 

32 cross platform small InDels were somatic, frameshift, and novel in the MSS tumor of the 

second patient.  

 Mutational landscape of somatic SNVs in GC samples 

The relative contribution of the six SNV classes (C>A, C>G, C>T, T>A, T>C, T>G) including 

the flanking bases were investigated for all somatic variants of the tumor samples called in the 

WGS data and for all SNVs of the corresponding controls (Figure 3-3). The 

transition/transversion ratio was similar between all WGS samples (2.2 in all samples). In 

contrast, the ratio was decreased in the exonic regions of the WES data in both tumor samples 

(2.2) compared to the controls [2.7 (patient 1) and 2.5 (patient 2)]. The relative contribution of 

each SNV class including the context distribution was almost identical between the control 

samples. In contrast, an overrepresentation of C>T base substitution, especially in the context 

of GpCpG and ApCpG trinucleotides, was observed in the MSI tumor sample of the first patient. 
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In the MSS tumor of the second patient, a prevalence of T>G in context of a five prime cytosine 

was detected, while a decrease of T>C, especially in context of a five prime thymine, was 

observed. Besides the different SNV type distribution, the MSI tumor of the first patient was 

characterized by a significantly higher total amount of somatic SNVs than the MSI tumor of the 

second patient (p < 0.0001).  

 
Figure 3-3 Comparison of SNV patterns including flanking bases 
The left part of the figure shows the SNV type distribution for each sample. The heatmap on the right side illustrates 
the relative abundance of each SNV including the flanking bases. Exclusively somatic SNVs were considered for 
the tumor samples, while all variants were used for the controls. 

The somatic SNV spectrums observed in the tumor samples have been compared with 

molecular signatures reported in the COSMIC database to identify factors with impact on the 

development of GC. While COSMICôs signatures 1 (49%), 6 (13%), and 15 (38%) contributed 

to the mutational pattern of the MSI tumor, signature 1 (46%) and 17 (35%) as well as unknown 

factors influenced the SNV distribution of the MSS tumor (Figure 3-4). The underlying biological 

processes included aging and spontaneous deamination (signature 1, mainly causing C>T), 

defective DNA mismatch repair in MSI tumors (signature 6, C>T and C>A), and DNA mismatch 

repair (signature 15, C>T), while causes of signature 17 (T>G) were unknown. Signature 15 is 

often observed in cases with a high amount of InDels, which was also the case in the 

investigated MSI tumor sample (Figure 3-2). However, compared to the observed SNV 

spectrums, the assembled signatures harbored a residual sum of squares (RSS) of 0.308 for 

the MSI tumor sample and 0.0149 for the MSS tumor sample. The RSS measures the 

differences between the values predicted by the estimation model and the read data. This 

illustrates that a high fraction could not be explained by signatures described in the COSMIC 

database. The highest deviations between assembled and observed SNV distribution were 
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observed for T>C variants in an ATA, ATG, GTA, and GTG context as well as for C>T variants 

in the first patient (MSI tumor), while differences were manifold in the second patient (MSS 

tumor) (Figure 3-4). The special characteristics of the GC samples in the current study were 

also reflected in clearly distinct SNV type distributions between the investigated tumor samples 

and WES studies from TCGA (Figure S 9).  

 
Figure 3-4 Reconstructed signatures of SNV spectrums 
(A) Decomposed signatures were computed with non-negative matrix factorization based on signatures described 
in the COSMIC database. The upper row of each sample block shows the SNV type distribution of the reconstructed 
signature for the MSI and MSS tumor sample, respectively. The lower rows indicate the differences between the 
assembled and the observed somatic SNV spectrums, respectively. COSMIC signatures contributing with more 
than one percent to the reconstructed SNV spectrums are shown in (B) and (C).  

The observed SNV spectrums could not completely be reconstructed with known 

cancer-associated SNV signatures. Thus, somatic signatures of the investigated GC samples 

were estimated with the statistical method non-negative matrix factorization (NMF) to identify 

common underlying patterns. The first signature was dominated by C>T base substitutions, 

especially in the context of ApCpG and GpCpG, while the second signature harbored mainly 

C>T variants in an ApCpG context and T>G SNVs in a CpTpT and CpTpC context  

(Figure S 10 A). The MSS tumor was mainly influenced by the first signature, while the second 

signature contributed to a large proportion to the SNV pattern observed in the MSI tumor 

(Figure S 10 B). Also in this analysis, it was clearly visible that MSI and MSS harbored distinct 

somatic SNV patterns.  

A kataegis effect is defined as a local genomic region with hypermutation [153]. In the course 

of my studies, DNA sections with a high somatic SNV density, potentially representing kataegis 

events [153], were visualized by rainfall plots, in which the distances between each somatic 

SNV and the previous somatic SNV were plotted (Figure 3-5). Intragenic SNV clusters have 

neither been detected with this method nor with the more sensitive sliding window approach 

described in section 2.2.7.4.  
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Figure 3-5 SNV density plots of somatic variants in tumor samples 
In the rainfall plots, the SNVs ordered by genomic position are shown on the x-axis. The distance between each 
SNV and the previous one is plotted on the y-axis. The colors of the dots describe the SNV type. The figures are 
based on the somatic SNVs of the tumor sample of (A) patient 1 (MSI) and (B) patient 2 (MSS).  

 Comparison between observed and known cancer-associated SNVs 

The cross platform approach was exploited to minimize the systematic technological bias and 

thereby to increase the reliability of the variant positions. 52 cross platform novel base 

substitutions in the MSI tumor (patient 1) and seven cross platform novel variants in the MSS 

tumor (patient 2) were (i) classified as stopgain SNV or (ii) predicted as damaging as well as 

at a conserved position or in a conserved gene. Out of these alterations, 41 (MSI tumor) and 

six (MSS tumor) SNVs did neither exist in ExAc nor in ESP (Table S 10 and Table S 11, 

respectively). Further 87 (MSI tumor) and 58 (MSS tumor) SNVs were either predicted as 

damaging or at a conserved position (Table S 12 and Table S 13, respectively). Of particular 

note is that four genes affected by a somatic SNV in the MSI tumor (AFF3, DROSHA, JAK2, 

and PIK3CA) and one gene affected by a somatic SNV in the MSS tumor (GATA3) were also 

listed in the cancer gene census list of the COSMIC database and were not mentioned in the 

exome sequencing databases ExAc or ESP. The somatic SNV, which was found in PIK3CA in 

the MSI tumor, was reported to be associated with GC in the COSMIC database. PIK3CA is 

an oncogene [173], which is frequently mutated in gastric adenocarcinomas [174].  

In the MSI tumor of the first patient, 77 (74 frameshift) cross platform exonic novel small InDels 

were supported by the variant allele fractions of the WES and WGS data. This variant category 

comprised two (one frameshift) InDels in the MSS tumor of the second patient. Additionally, 

186 / 34 somatic InDels (165 / 31 frameshift) were detected by one variant caller with at least 

two supporting reads in the WGS data but covered by less than three reads in the WES results 

in the MSI / MSS tumor sample. All InDels, which were not reported in the databases ESP or 

ExAC, are shown in the supplementary Table S 14 and Table S 15, respectively. InDels were 

also excluded from the supplementary lists, if the exact same InDel type was called in one of 

the six adjacent base pair positions in the matching controls. Out of the genes affected by a 

somatic small InDel in the MSS tumor, eight were also listed in the cancer gene census table 
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of the COSMIC database including BRAF, ZFHX3 (both associated with GC), ARID1A, GNAS, 

HOXC13, MAPK1, PREX2, and SPECC1. In the MSS tumor, the genes GNAS and HOXD13 

affected by single technology InDels, respectively, were listed in the cancer gene census list 

of the COSMIC database. 

Due to the function described in the literature and because of being part of COSMICôs cancer 

gene census list, BRAF was an especially interesting candidate. Noticeable, a germline SNV 

predicted as damaging was in just one sample out of the 1000 Genomes project located in 

BRAF. Further 38 samples harbored a germline frameshift InDel in BRAF. In all 38 samples, 

the InDel was located at the same position in the last exon. In contrast, in the MSI tumor sample 

of patient 1, a cross platform somatic frameshift InDel was found in exon 10 (18 exons total).  

To detect predisposing somatic or germline alleles, cancer-associated variants annotated in 

the databases OMIM, HGMD, and GWAS were compared with all somatic and germline 

variants called in the investigated tumor samples. In total, 301 / 296 known cancer-associated 

SNVs (somatic or germline) were detected in the tumor samples of patient 1 (MSI) / patient 2 

(MSS) including SNVs in BRCA1 (MSI), DCC (MSI), FLCN (MSI), LOX (MSS), RASSF1 (MSS), 

and TERT (MSS) (all germline). SNVs affecting exonic regions of the following genes were 

associated with GC (Figure 3-6): MUC1 (germline, MSI), NOD2 (germline, MSI+MSS), CCL22 

(germline, MSS+MSI), VCAN (germline, MSI), PLCE1 (germline, MSS), and TP53 (somatic, 

MSS). Out of the mentioned variants, 142 (MSI) / 141 (MSS) (overlap = 101) were found in the 

GWAS catalog, 82 / 72 (overlap = 61) in the database OMIM and 135 / 137 (overlap = 89) in 

HGMD. Nearly all SNVs were germline in the investigated tumor samples and thus considered 

as potentially predisposing, but not necessarily causative. One exceptional somatic mutation 

in TP53 was noted (rs28934574, ExAc_Aggregated_Populations frequency = 1.647E-04) in 

the MSS tumor sample. This cross platform SNV was located in a cancer hotspot region [175] 

and has also been identified in earlier studies. As example, it was detected in a 10 year-old 

proband with an extensive family history of malignant tumors with an unusual prevalence of 

GC on the paternal side [176]. Besides rs28934574, two further cross platform SNVs were 

detected in cancer hotspot regions in GRIN2 (T100 and A50, germline SNVs in MSS and MSI 

tumor samples) [175]. 

 
Figure 3-6 Number of known cancer-associated SNVs detected in the two GC samples 
All known cancer-associated SNVs can potentially contribute to GC, even if an association is not known so far. 
Thus, all known cancer-associated SNVs were compared with somatic variants detected in the current study.  
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 Somatic SNVs and small InDels without known GC association 

Besides the detection of somatic SNVs and somatic InDels in genes recurrently mutated in 

tumor samples (described in section 3.1.3.3), cross platform somatic SNVs predicted as 

damaging at a conserved position might be involved in the development of GC. To further filter 

clinically relevant exonic small variants, the simplified indicator ECS was introduced (chapter 

2.2.7.3) and validated with previous cancer-related scores (supplementary chapter 6.2.1.4). 

Based on a low value of the ECS and functional aspects, the most promising SNVs were in 

the genes MSH4 (MSI), PRDM2 (MSI), GATA3 (MSS) (Table 3-1). Genes, which harbored a 

low ESC score and which were affected by an InDel, included TP53I3 (MSI) as well as ZIC1 

and IL17RD (both MSS) (Table 3-1).  

In addition, in patient 1 (MSI), four SNVs were found in non-exonic splice sites of the genes 

C3, IDE, STAMBP, and NPSR1. Interestingly three of them interact with the CASR, which was 

also affected by a non-synonymous SNV. The third gene (IDE) was via one interconnecting 

gene associated with CASR. In patient 2 (MSS), SNVs in splice sites of the genes ARID5A 

and DMD were detected. 

Gene 
symbol 

Official full name Description 

GATA3 GATA binding protein 3 
¶ Involved in breast cancer progression and metastasis [177] 

¶ Somatic copy-number alterations found in GATA4 and GATA6 in GC [178] 

IL17RD Interleukin 17 receptor D 
¶ Tumor suppressor [179] 

¶ Downregulated in breast, prostate, thyroid, and ovarian cancer [179] 

MSH4 mutS homolog 4 

¶ Plays a role in meiotic and mitotic DNA double strand break repair and 
DNA damage responses in human cells [180] 

¶ Mutations leading to dysfunctional hMSH4 may be involved in 
oncogenesis [181] 

PRDM2 
PR domain containing 2, 

with ZNF domain 

¶ Tumor suppressor [182] 

¶ Decreased of PRDM2 in GC [183] 

¶ Frameshift mutations may play an important role to GC with MSI [184]. 

TP53I3 
Tumor protein p53 
inducible protein 3 

¶ Involved in p53-mediated cell death [185] 

¶ SNP at the downstream microsatellite sequence might be associated with 
differential susceptibility to cancer [186]. 

ZIC1 Zic family member 1 

¶ Downregulated in GC tissues and cell lines [187] 

¶ Tumor suppressor in GC [187] 

¶ Potential therapeutic target for GC [188] 

Table 3-1 Description of functional interesting genes harboring a somatic SNV or InDel 
All listed genes were affected by a somatic SNV with predicted effect on the protein function or a somatic InDel and, 
based on the function, potentially associated with the development of GC. All genes were characterized by a low 
ECS value. 

The cross platform non-synonymous somatic SNVs in the following genes were independently 

validated by pyrosequencing on a Pyromark Q24 device (QIAGEN) as third validation step: 

DROSHA, MSH4, RERE, ROS1, TACC2, and TYRO3. These high reliability SNVs are shown 

in the supplementary results [Table S 16 (MSS) and Table S 17 (MSI)]. In contrast, the 

validation of eight (MSI tumor) and seven (MSS tumor) SNVs, which were exclusively called 

in the WES results of both tumor samples but not supported by the WGS data, failed  

(Table S 18 and Table S 19).  
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 Detection of large structural variants and large InDels 

To find somatic large insertions, all unmapped reads in good quality (Ó 80 bases with QS Ó 20) 

were de novo assembled for both tumor samples. In the first patient (MSI tumor), 14,639 

contigs were formed, of which 367 had at least one putative insert position. The quality filter 

passed 75 contigs with on average 1.8 possible insert positions and a maximum length of 81 

nucleotides. Eight of these variants with an insert length between 5 and 31 bp were somatic. 

One somatic insert position was located in the intronic region of the UCSC gene uc021thc.2, 

which encodes for parts of antibodies. The same insertion position was also close to the 

transcription start of the gene X69637 (848 bp distance). Another insertion position was within 

the intronic region of the gene MGAM, which encodes the maltase-glucoamylase protein. The 

protein plays a role in the digestion of starch. All other putative insertion positions were located 

in intergenic regions. All putative somatic insertion positions with distance smaller 100 KB to 

the closest gene are reported in the supplementary Table S 20. In patient 2 (MSS), all 

unmapped high quality reads were assembled to 252 contigs. For six of these contigs, at least 

one putative insert site existed, but none of these passed the quality filter.  

In both tumor samples, more germline and somatic inversions were observed than in the 

matching controls. In the MSI tumor sample, 3,370 germline and somatic were detected, while 

in the MSS tumor, 6,125 germline or somatic variants were called. Out of these variants, 71 

(48 non-overlapping) and 201 (173 non-overlapping) somatic inversions passed the quality 

filter in MSI and MSS tumor, respectively. In contrast, 2,541 and 1,036 germline and somatic 

variants were detected in the matching control samples of the first and second patient, 

respectively, of which 33 (21 non-overlapping) / 47 (35 non-overlapping) met the quality 

criteria. In the first patient (MSI tumor), this resulted in 22 (17 non-overlapping) somatic 

inversions affecting the following eight genes: AHCYCL2, CCDC88C, CCDC102B, DCK 

(intronic), FAM40B, LOC440434, LOC642236, and SPINK14 (Table S 21). In the MSS tumor, 

95 (89 non-overlapping) somatic inversions in 30 genes were identified, of which eight were at 

least partially located in exonic regions of the following genes: WARS2, NASP, AKR1A1, 

RIMS1, EPHA5, GRID1, KCNMA1, and SPINK14 (Table S 22). Thus, in both patients a 

somatic inversion affected the gene SPINK14. 

Also an increased number of interchromosomal germline and somatic translocations was 

found in the tumor samples. In total, 29,068 (60 filtered in 37 regions) germline and somatic 

interchromosomal translocations were detected in the MSI tumor sample and 1,513 (26 / 24) 

germline interchromosomal translocations in the matching control of the first patient. Out of 

these, 27 breakpoint pairs in 18 regions with the following 14 affected genes were somatic: 

ABCB1, ACOT13, ANKRD30BL, BAZ2A, C10orf54, CACNA2D1, CDH23, CENPH, CTNNA3, 

DCAF6, PDE4D, PHACTR2, SENP5, and SF3A (Table S 23). The MSS tumor sample of the 

second patient harbored 72,444 (137 / 74) germline and somatic interchromosomal 
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translocations, while in the corresponding non-tumor sample, 12,162 (61 / 45) variants were 

called. 63 breakpoint-pairs in 42 regions with the following 14 affected genes were somatic 

(Table S 24): CDC27, CMYA5, CNTNAP2, GUSBP1, IMMP2L, LOC642236, MBOAT1, MCC, 

MLL3, NDUFA13, PCMTD1, SLC6A16, SRRM1, and TNC. Several breakpoints indicating 

interchromosomal translocations were located in the gene MLL3.  

Next, deletions larger than five base pairs were investigated. The following numbers of 

germline and somatic variants were detected (all (filtered)): 191,076 (12,173) in the MSI tumor 

and 92,643 (8,892) in the matching control of the first patient, 122,651 (14,224) in the MSS 

tumor and 106,420 (8,096) in the corresponding non-tumor sample of the second patient. Out 

of 1,739 somatic deletions in the MSI tumor, 343 were located in intragenic regions  

(Table S 25). Interestingly, in the MSI tumor sample, over 97% of the somatic deletions were 

identified on chromosome five, six or seven. The mean length of the somatic variants was 

123 bp (Figure 3-7). In the MSS tumor sample of the second patient, 78 deletions with an 

average length of 62 bp in 30 gene loci were somatic (Figure 3-7, Table S 26). All above stated 

intragenic variants were located in intronic regions. 

 
Figure 3-7 Length distribution of somatic large deletions 
All deletions with length Ó 100 are shown with deletion length = 100. 

1,652 (72 filtered / 4 non-overlapping filtered) germline and somatic tandem duplications were 

detected in the MSI tumor, while 1,548 (53 / 2) germline tandem duplications were identified in 

the matching control of the first patient. In the second patient, 1,199 (69 / 1) germline and 

somatic tandem duplications were called in the MSS tumor and 1,488 (74 / 3) germline tandem 

duplications in the corresponding non-tumor sample. All filtered somatic tandem duplications 

were intergenic. 

All quality filtered, somatic inversions, interchromosomal translocations, tandem duplications, 

and large deletions are shown in Figure 3-8. Due to their function described in the literature 

the most interesting genes affected by an exonic somatic structural variant were DCK 

(inversion, MSI), MCC (translocation, MSS), MLL3 (translocation, MSS), PARK2 (deletion, 

MSI), and PDE4D (translocation and deletion, MSI) (Table 3-2). 
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Figure 3-8 Circos plots based on large structural variants 
The plots are based on all quality filtered somatic large structural variants of the (A) MSI and (B) MSS tumor 
samples. The following information were arranged in order from outer to inner rings: genomic position, coverage 
(black), large deletions (grey), inversions (green), and interchromosomal translocations (center). The coverage 
histograms are based on a sliding window with window size 150,000 and step size 75,000. The maximum axis limit 
of the coverage histogram was set to 100. 

Gene 
symbol 

Official full name Description 

DCK 
Deoxycytidine 

kinase 
¶ Inactivation of DCK is involved in acquisition of gemcitabine resistance in 

pancreatic, gastric, colon, and bile duct cancer [189] 

MCC 
Mutated in 

colorectal cancers 
¶ Putative colorectal tumor suppressor [190] 

MLL3 
(KMT2C) 

Lysine (K)-specific 
methyltransferase 

2C 

¶ Tumor suppressor [191] 

¶ Mutations in chromatin remodeling genes (ARID1A, MLL3, and MLL) 
occur in 47% of GC [174] 

PARK2 
Parkin RBR E3 
ubiquitin protein 

ligase 

¶ Recurrent deletions in GC [178] 

¶ Tumor suppressor [192] 

PDE4D 
Phosphodiesterase 
4D, cAMP-specific 

¶ Often deleted in GC [178] 

¶ Homozygous deletion found in 3.56% of primary solid tumors [193] 

¶ Depletion of endogenous PDE4D causes cell death and growth inhibition 
in multiple types of cancer cells, including GC [193] 

Table 3-2 Description of functional interesting genes harboring a somatic large structural variant 

3.1.4 Pathways and functional terms potentially associated with gastric cancer 

After the analysis on variant and gene level, genomic alterations were investigated on process 

level. To gain a broader insight into processes that might be associated with GC, a 

protein-protein interaction network was created for each patient using all genes affected by 

cross platform somatic exonic SNVs, which were (i) stopgain mutations, (ii) predicted as 

damaging or (iii) non-synonymous and at a conserved position or in a conserved gene (for 

definition see sections 2.2.7.1 and 2.2.7.3). Two subnetworks were formed for the MSI tumor 

of the first patient (Figure 3-9): (i) The larger one was enriched for genes involved in óResponse 

to an external stimulusô (p = 0.0018), óCell communicationô (p = 0.024), and óPositive regulation 

of metabolic processesô (p = 0.038) (Figure S 13 A). (ii) The smaller subnetwork harbored 

Patient 1 (MSI tumor) Patient 2 (MSS tumor)

A B
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genes associated with óChromatin organizationô (p = 0.00026) and óChromatin modificationô 

(p = 0.00009), óPositive regulation of biosynthetic processesô (p = 0.016), and óGene 

expressionô (p = 0.012) as well as óCell motilityô (p = 0.0033), and óCell migrationô (p = 0.0022) 

(Figure S 13 B). No larger network was detected for the MSS tumor of the second patient. 

 

Figure 3-9 Protein-protein interaction network based on genes harboring at least one SNV with predicted 
effect on the protein function in the MSI tumor sample 
The protein-protein interaction network is based on all proteins encoded by genes with at least one somatic SNV, 
which was non-synonymous as well as at a conserved position or in a conserved gene, a stopgain mutation or 
predicted as damaging on the protein function. Proteins without connection to any other affected protein are not 
displayed. For a better clarity, all protein connection types are displayed with a black line.  

In a more relaxed approach, a protein-protein interaction network based on all genes affected 

by at least one cross platform non-synonymous SNV was created. For patient 1 (MSI), one 

cluster around the receptors NR4A1, RARA, and RORC as well as the tumor suppressor TP53 

was formed (Figure S 14). In the second patient 2 (MSS), one large cluster was observed 

besides some smaller subnetworks. This larger subnetwork was enriched for genes involved 

in the KEGG pathways 'Cell cycle' (p = 0.011), 'JAK-STAT signaling pathway' (p = 0.027), and 

'B cell receptor signaling pathway' (p = 0.032). The subnetwork was further divided into two 

parts. In the upper cluster, the genes were mainly involved in the regulation of 'Cell division' 
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(GO:0051302, p = 0.000062), while the phosphoinositide-3-kinase gene PKI3CA had a central 

position in the second subnetwork (Figure S 15).  

Based on the hypothesis that (rare) germline and somatic mutations together would contribute 

to malignant transformation, processes affected by a high load of germline and somatic 

variants were investigated. In this approach, the number of called variants in the tumor samples 

were corrected for the overall germline spectrum of such variants in all 1092 individuals of the 

1000 Genomes project. The analyses were based on two different categories: (i) number of 

genes affected by at least one SNV with predicted effect on the protein function and (ii) number 

of SNVs predicted as damaging on the protein function. In the 1000 Genomes Project, GATK 

was applied for variant detection. To guarantee the comparability, exclusively variants called 

with GATK in the tumor samples were used for the comparison between the tumor samples 

and the results of the 1000 Genomes Project. 

In the MSI tumor of the first patient, the SNV / gene count in 40 / 39 pathways was at least 1.5 

times higher than the mean value of all individuals of the 1000 Genomes Project (Figure S 16). 

With the same method 18 / 22 KEGG terms were found in the MSS tumor of the second patient 

(Figure S 17). In both tumor samples, several cancer and metabolic pathways were affected. 

Further functional interesting candidates included the 'p53 signaling pathway', the 'ErbB 

signaling pathway', the terms 'Cell cycle' and 'Gastric acid secretion' (MSI, patient 1) as well 

as the 'mTor signaling pathway' (MSS, patient 2). The SNV / gene count of the investigated 

tumor samples was for all pathways lower than the maximum value of the individuals from the 

1000 Genomes Project.  

The same strategy as used for the KEGG pathway analysis was applied to GO terms. In 33 

ontology groups, the MSI tumor sample of the first patient harbored more SNVs with predicted 

influence on the protein function than all individuals sequenced in the 1000 Genomes Project 

(Figure S 18 A). Moreover, 19 terms existed with more genes affected by an SNV with 

damaging prediction in the tumor sample than the maximum number in the 1000 Genomes 

Project (Figure S 18 B). In MSS tumor sample of the second patient, 30 GO terms on SNV 

level and 13 GO terms on gene level were found, which were more often affected in the tumor 

sample than in all individuals out of the 1000 Genomes Project (Figure S 19). GO terms 

consisting of exactly the same genes were merged and GO terms harboring only one gene 

excluded. Nine GO terms were shared between the first (MSI tumor) and the second (MSS 

tumor) patient including the functional interesting terms óNuclear migration along 

microfilamentô, óNegative regulation of transpositionô, óNegative regulation of viral reproductionô, 

and óDNA cytosine deaminationô (Figure S 18, Figure S 19). 
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3.2 Investigation of murine inflammation-associated colorectal 

cancer 

3.2.1 Phenotype caused by AOM/DSS treatment 

A lower body weight and a higher DAI were observed in AOM/DSS-treated mice compared to 

DSS-treated and control mice. The severity of induced colorectal inflammation was dependent 

on the DSS concentration and treatment duration. The strongest effect (body weight loss, DAI 

increase, tumor induction) was noticed in the first set (highest DSS dose) (Figure 3-10). Over 

the course of the experiment the biggest DAI differences (including body weight, rectal 

bleeding, and reduced stool consistency) were detected shortly after the first DSS 

administration (rectal bleeding, reduced stool consistency) and at the end of the experiment 

(elevated rectal bleeding) for all AOM/DSS- and DSS-treated mice.  

 
Figure 3-10 Disease activity index and body weight distributions during the course of the experiment 
The vertical bars indicate days with AOM or PBS injection, respectively. The AOM/DSS- and DSS-treated mice 
received DSS in the drinking water on days marked with yellow background. The asterisks label significant 
differences between the AOM/DSS-treated mice and the union of DSS-treated and control mice without correction 
for multiple testing. Due to the low power, DSS-treated mice and controls were merged as one group. (A) DAI, 
treatment set 1 (high DSS dose). (B) Body weight, treatment set 1 (high DSS dose). (C) DAI, treatment set 2 
(medium DSS dose). (D) Body weight, treatment set 2 (medium DSS dose). (E) DAI, treatment set 3 (low DSS 
dose). (F) Body weight, treatment set 3 (low DSS dose).  

0 10 20 30 40 50 60 70 80 90 100 110 120 130 140 150 160
80

100

120

140

160

AOM/DSS

DSS

control

day

%
 b

o
d

y
 w

e
ig

h
t

0 10 20 30 40 50 60 70 80 90 100 110 120 130 140 150 160

100

120

140

160

AOM/DSS

DSS

control

*

day

%
 b

o
d

y
 w

e
ig

h
t

0 10 20 30 40 50 60 70 80 90 10
0

11
0

12
0

13
0

14
0

15
0

16
0

60

80

100

120

140

160

AOM/DSS

DSS

control

day

%
 b

o
d

y
 w

e
ig

h
t

0 10 20 30 40 50 60 70 80 90 10
0

11
0

12
0

13
0

14
0

15
0

16
0

0

2

4

6

8

10

AOM/DSS DSS control

* * ** ***

day

D
A

I

0 10 20 30 40 50 60 70 80 90 10
0

11
0

12
0

13
0

14
0

15
0

16
0

0

2

4

6

8

10

AOM/DSS

DSS

control

* * * ** * ** ** ** **

day

D
A

I

0 10 20 30 40 50 60 70 80 90 10
0

11
0

12
0

13
0

14
0

15
0

16
0

0

2

4

6

8

10

AOM/DSS

DSS

control

* * * * * * * * * * **

day

D
A

I

0 20 40 60 80 100 120 140

160

140

120

100

80

60

10

8

6

4

2

0

%
 b

o
d
y
 w

e
ig

h
t

D
A

I

0 20 40 60 80 100 120 1400 20 40 60 80 100 120 140

0 20 40 60 80 100 120 140

0 20 40 60 80 100 120 140

10

8

6

4

2

0
0 20 40 60 80 100 120 140

10

8

6

4

2

0

160

140

120

100

160

140

120

100

80

D
A

I
D

A
I

%
 b

o
d
y
 w

e
ig

h
t

%
 b

o
d
y
 w

e
ig

h
t

A

C

E F

D

B

* ** *** *

* * * *** ** ** ** **

* * * * * * * * ** * *

*

Day Day

DayDay

Day Day

AOM/DSS PBS/DSS PBS



 Results 

-61- 

The number of tumors and the average tumor sizes shown in Figure 3-11 and observed by 

colonoscopy (Figure S 20) were larger in AOM/DSS-treated mice from the first set (high DSS 

dose) than in the second (medium DSS dose) and third set (low DSS dose) (Figure 3-12 A). 

In the mice C11R, C15WO, and C16R of the third set only dysplasia were noticed. The tumor 

burden was higher in the distal parts of the colon. No significant differences in colon length 

existed between the treatment groups (Figure 3-12 B). 

 
Figure 3-11 Longitudinally opened colons from AOM/DSS-treated mice 
Tumor samples used for WES are marked in green and those for transcriptome sequencing in blue. For all samples 
labeled in black, the whole exome and the transcriptome were sequenced. (A) AOM/DSS treatment set 1 (high DSS 
dose). (B) AOM/DSS treatment set 2 (medium DSS dose). (C) AOM/DSS treatment set 3 (low DSS dose). 
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The AOM/DSS-treated mice C1WO (first set) and C15R (third set) were affected by an 

intestinal prolapse. Therefore, organ removal from the animal C15R was performed 19 days 

before the official end of the experiment. 

 
Figure 3-12 Tumor counts and colon length distribution 
(A) Comparison of the number of tumors between the three different DSS dose sets of AOM/DSS-treated mice. (B) 
Colon length distribution of the three different treatment groups. 

The performed histological analyses (Figure S 21) demonstrated that in the untreated animals, 

crypts were regularly distributed throughout the mucosa, formed straight tubular structures, 

and were arranged parallel to one another. An elongation and branching of the crypts was 

observed in the colon of DSS-treated mice. In contrast, in mice treated with AOM/DSS, the 

tumor development was associated with disruption of the crypt architecture, which was 

completely lost in the first treatment set (high DSS dose). Neoplasia with mucosal dysplasia 

and crypt atrophy was characterized by loss of columnar orientation, elongation, branching, 

infolding and crypt abscesses (Figure S 21), and elevated proliferation of neoplastic cells as 

visualized by Ki67 staining (not shown). Furthermore, the number of mucosal and submucosal 

infiltrating immune cells increased with rising DSS concentration and treatment duration. In 

addition, slight enlargement of hyperchromasia was visible in the AOM/DSS-treated mice. 

3.2.2 Exome sequencing 

 Sequencing results 

WES was performed on 52 samples, of which 24 were from tumors, 15 from the corresponding 

proximal colon part, seven from DSS-treated mice, and six from untreated controls. For nine 

mice, two tumor samples each were sequenced, while for six AOM/DSS-treated mice from the 

third set (low DSS), only one tumor was investigated. Between 82 and 146 million reads were 

obtained per sample using the Illumina HiSeq2500 system. After applying the quality filter 

described in section 2.2.3.2, between 75 and 134 million reads remained with an average base 

quality of 36.3 and an average length of 99.1 nt. Between 73 and 133 million reads (~98.8%) 

of these reads could be mapped to the reference genome with a median mapping quality of 

51. The average insert size of the proper read pairs ranged from 104 to 172 bp. Out of the 

mapped sequences, ~15% had a shared starting point. Around 28% of the total mapped bases 
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were located in the enriched target regions, which resulted in a mean coverage of 47x  

(Figure 3-13). No differences were observed between the samples groups (Table S 27). 

 

Figure 3-13 Sequencing and mapping results 
(A) Coverage distribution for all samples. For each coverage value, the median coverage is marked in red, the 
interquartile range in blue, and the 90% interval values in black. (B) Sequencing and mapping statistics. 

Subsequently, the relative contributions of technical bias and biological background to the 

distribution of called SNVs and genes with detected variants were investigated (Figure 3-14). 

Most of the detected base substitutions seemed to be robust against batch effects during 

library preparation and sequencing, but also the treatment had just a small influence on variant 

occurrences at specific positions. This indicates that neither AOM nor DSS caused SNVs at 

recurrent positions. Base substitutions as consequence of the treatment were more likely to 

be randomly distributed, while some of the SNVs were responsible for the development of 

tumors. A surprisingly high percentage of genes mutated by at least one alteration was 

explained by library batch and sequencing run. However, the strong technical bias had no 

effect on the reported analyses, because samples from all treatment groups were randomly 

distributed on all library batches and sequencing runs.  

 
Figure 3-14 Influence of technical bias and treatment on distribution of SNV calls 
Boxplots show distribution of the percentage of explained variance across all genes and all SNVs. Exclusively 
SNVs / affected genes existing in more than three samples were considered. Explained variance was based on (A) 
all called SNVs, (B) number of called SNVs per gene, and (C) genes affected by at least one called SNV. 

 Test for sample differences and intertumoral diversity  

To investigate whether general variant differences are detectable between the sample groups, 

a PCoA was performed using a Jaccard distance matrix [194] based on all exonic SNVs and 
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InDels (Figure 3-15 A). Tumor samples from the first (high DSS) and second (medium DSS) 

experiment were clearly distinguishable from the control samples (p = 3.186E-10 and 

p = 0.00132, respectively), while no differences were visible between the control samples and 

set 3 tumor (low DSS, p = 0.309) or post-inflamed samples (p = 0.855). The same tendencies 

were also observed in a PCoA only based on non-synonymous SNVs and InDels, while the 

separation was weaker on gene level (Figure S 22). 

Next, it was investigated whether tumors from the same mouse shared more somatic variants 

than tumors from different mice (Figure S 23). Therefore, for nine AOM/DSS-treated mice, the 

whole exomes of two tumors were sequenced. The mutational distances based on Jaccard 

indices between tumors of the same mouse were compared with the median distance to all 

tumors. Interestingly, in the first and second treatment sets (high and medium DSS), the 

distances between tumors received from the same mouse were similar to the distances 

between tumors obtained from different mice. This indicates an independent occurrence of 

multiple tumor-initiating events in each mouse. In contrast, for mice treated with a low DSS 

dose (set 3), distances between mutational spectrums of tumors from the same mouse were 

smaller than those between tumors from different mice. This demonstrates that animal- or 

colon-specific variants superimpose tumor-specific alterations at an early tumor stage. These 

results were observed on three different data groups: (i) exonic variants, (ii) genes affected by 

a mutation, and (iii) number of mutations per gene (Figure 3-15 B, Figure S 24).  

 

Figure 3-15 Sample distances based on all exonic variants 

(A) PCoA based on Jaccard distance matrix using all called exonic SNVs and small InDels. (B) Pairwise comparison 
of Jaccard distances between tumors from the same mouse (third column) and the median distances to all tumors 
(fourth column). Exclusively samples from mice with two sequenced tumors were considered. Black shaded cells 
indicate the larger distance within each row. Equal distances are displayed in grey. (A) and (B) The sets are based 
on the DSS treatment conditions: set 1 = high DSS dose, set 2 = medium DSS dose, set 3 = low DSS dose. 
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 SNV patterns 

3.2.2.3.1 SNV type distribution 

Variants can arise spontaneously or due to environmental influences [195]. In particular, each 

mutagen and each tumor type is characterized by a specific variant signature, which can 

influence the formation of other alterations and the outcome of a disease [54, 112]. To reveal 

variant patterns associated with evolutionary mechanisms, the SNV spectrum of the mouse 

strain C57BL/6N (used in the experiments of the current study) was compared with the one of 

the mouse strain C57BL/6J (used as reference) (supplementary chapter 6.2.2.4). The somatic 

SNV distributions of the investigated tumor samples from AOM/DSS-treated mice were 

analyzed and compared with the SNV differences between the two mouse strains to gain 

insights into variant patterns, which are related to murine AOM/DSS-triggered colorectal 

cancer (see next paragraphs).  

In total, between 35,000 and 115,000 germline or somatic SNVs were called per sample with 

at least one calling algorithm (Samtools, GATK or diBayes), whereof ~15% were detected with 

all three callers (Figure S 27). Although exonic regions were enriched during the library 

preparation for sequencing, over 50% of all SNVs were intergenic, ~30% intronic, and only 

less than 5% in known annotated exonic regions (Figure S 28). The number of called somatic 

exonic SNVs was significantly higher in the tumor samples compared to all other sample 

groups (Figure 3-16 A, p(tumor vs. AOM_DSS_proximal) = 0.0001, p(tumor vs. 

DSS) = 0.0075, p(tumor vs. control) = 0.003). Interestingly, the number of exonic somatic 

SNVs varied even significantly between all DSS dose sets of the tumor samples  

(Figure S 29 A+B p(set1 vs. set2) = 0.0462, p(set1 vs. set3) = 0.0059, 

p(set2 vs. set3) = 0.0217). In contrast, no significant differences were observed in the total 

SNV counts including the non-exonic SNVs (Figure S 30 A). In the comparison between the 

tumor sets, the total somatic SNV count was increased in the samples of the first set (high 

DSS dose), but no differences between set 2 and 3 (medium and low DSS dose) were 

observed.  

In contrast to single SNVs, no significant differences (adjacent base substitutions) of the total 

amount of double SNVs were observed between the treatment groups. However, for eight 

substitution types, the comparison of the relative count between tumor and at least one other 

sample type resulted in a significant p-value (Figure S 36). Of special interest were the variants 

AC>CA (GT>TG), AG>GA (CT>TC), GA>AT (TC>AT), and TA>GC, because these alterations 

harbored the highest distance between tumors and controls, while the values of the post-

inflamed samples were between these two. 

Next, the relative contribution of the six SNV classes (C>A, C>G, C>T, T>A, T>C, T>G) was 

analyzed to decipher processes involved in the development of murine AOM/DSS-triggered 
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colorectal cancer (Figure 3-16 B). In the set of all somatic exonic SNVs, the relative amount of 

C>T base substitutions was significantly increased in the tumor samples compared to all other 

analyzed sample groups. This difference was especially high in tumor samples of the first and 

second set (high and medium DSS) (Figure S 29 C+D). In addition, a significant decrease of 

C>A substitutions was observed in the tumor samples for all pairwise comparisons. Thereby, 

the percentage of C>A SNVs decreased with increasing C>T count (Figure S 31). Moreover, 

somatic exonic T>C substitutions differed significantly between tumor and proximal AOM/DSS 

samples (p = 0.0013). In the set of all somatic SNVs including the non-exonic variants, an 

increased C>G count in the formerly inflamed tissue samples (AOM/DSS proximal and DSS) 

were found besides the differences in the C>T substitutions (Figure S 30 B-D, Table S 28). 

 

 

Besides the basic SNV type distribution, the sequence context of the base substitutions was 

analyzed by considering the 5ô and 3ô flanking bases of all somatic SNVs. Thereby, the 

observed number of each trinucleotide was normalized according to the prevalence of each 

trinucleotide in the genome. In all non-tumor tissues of the first sample set, the C>T 

substitutions were overrepresented at CpG sites (Figure 3-17 A). Furthermore, C>A variants 

were dominant in a TCG trinucleotide combination. These variant spectrums reflect the SNV 

pattern caused by evolutionary processes. In contrast, the tumor samples harbored a more 

equal sequence context distribution for both SNV types. An unsupervised hierarchical 

clustering based on all trinucleotide counts confirmed the distinct signatures between tumor 

and control as well as post-inflamed tissue samples in the first treatment set (Figure 3-17 B). 

The same analyses were also performed with the samples from all three treatment sets  
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Figure 3-16 Basic SNV patterns of somatic exonic SNVs 
(A) Number of somatic exonic SNVs. (B) SNV type distribution. Statistical significance was tested with a 
Kruskal-Wallis test. (A) + (B) The sets refer to the DSS treatment conditions. 
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(Figure S 32 + Figure S 33). However, due to a strong technical bias, no clustering was 

detectable for the second and third set (low and medium DSS). 

 

Figure 3-17 Distribution of somatic SNVs including SNV context 
(A) Heatmap showing the log-transformed normalized counts of each SNV type including the base context. The 5ô 

base is shown on the vertical axis and the 3ô base on the horizontal axis. (B) Unsupervised, hierarchical clustering 

(Euclidean distance, ward method) of samples from the first treatment set (high DSS dose) based on SNVs including 

sequence context.  

Genes, which are important for fitness or which are highly expressed, are often encoded on 

the Crick strand to avoid conflicts between replication and transcriptional machineries. In 

contrast, genes with a higher evolution rate are located on the Watson strand [196ï198]. Also 

in my studies, SNVs (germline and somatic) were significantly more frequently located in genes 

on the forward (Watson) than on the reverse (Crick) DNA strand (p = 1.372E-07 for the group 

of all non-tumor samples and p = 3.56E-05 for tumor samples, respectively, Figure 3-18 A-D). 

In contrast, in the tumor samples, strand differences did neither exist for all somatic SNVs 

(Figure 3-18 E) nor for the subset of somatic C>T base substitutions, which represented the 

biggest somatic SNV type group in the tumor samples (Figure 3-18 F). This demonstrated a 

random strand distribution of somatic mutations. 

Besides an unequal distribution of SNVs between Watson and Crick strand, a significant 

different mutation frequency was observed between coding and noncoding strand for all 

germline substitution types except for T>G variants, where just a tendency was visible 

(p = 0.0878) (Figure S 34). In contrast to this evolutionary driven SNV pattern, no significant 

strand preferences were observed for somatic SNVs in the tumor samples (Figure S 35).  
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Figure 3-18 SNV strand bias test 
Comparison between SNVs in genes on the Crick strand and SNVs in genes on the Watson strand. The SNV 
frequency was defined as [100,000 x (<# SNVs in genes on strand óXô> / <# bases in genes on strand óXô>] with 
óXô = Crick or Watson. Comparisons were based on (A) all SNVs called in control samples, (B) all SNV called in 
samples from DSS-treated mice, (C) all SNVs called in proximal samples from AOM/DSS-treated mice, (D) all SNVs 
called in tumor samples, (E) somatic SNVs called in tumor samples, and (F) somatic C>T SNVs called in tumor 
samples.  

3.2.2.3.2 Test for regional clustering of SNVs  

Next, it was tested whether variants in AOM/DSS-induced tumors have a preference to cluster 

in specific regions, because some tumor types form regions with high SNV density, the 

so-called kataegis effect [153]. Occurrences of hypervariable sections (DNA regions with high 

number of variants) in the exonic regions were investigated with an adapted rainfall plot 

method, in which the distances between each somatic SNV and the adjacent somatic 

substitution were displayed (Figure 3-19). Here, small clusters in the tumor samples as well as 

in the controls were observed. In order to investigate these clusters in more detail, a sliding 

window approach with different window sizes and different thresholds for the initial SNV 

number was used. Using 50 SNVs within a 5000 bp range, two clusters were detected in the 

tumor sample C5R_T2 (Figure 3-19 B). These clusters were located close together on 

chromosome 7 [chr7:38189798-38194760 (51 SNVs) and chr7:38191088-38196990 (66 

SNVs)]. The gene 1600014C10Rik, which encodes for a small transmembrane protein with 

unknown function, was annotated in this region. In none of the other tumor samples, a 

hypervariable region was detected. Using a smaller window size (160 bp) and a reduced SNV 
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threshold (8) up to 16 hotspots with a mean length of 73.3 bp and an average of 9.7 SNVs 

could be detected in all samples. Thereby, the number of hypervariable regions and included 

SNVs was significantly increased in the tumor samples compared to the controls (p = 0.029 

and p = 0.032, respectively). However, this result arose due to the higher total number of 

SNVs, as the percentage of SNVs included in hotspots was similar. No significant differences 

were observed between tumor and post-inflamed tissue samples (Figure S 37). However, it 

must be emphasized that only the exomes were sequenced and thus, hypervariable regions 

in intergenic regions, which make up a large parts of the kataegis events in other tumor 

genome analyses, could not be detected.  

 
Figure 3-19 Rainfall plots 
SNVs are ordered by genomic position on the x-axis. The distance between each SNV and the previous one is 
plotted on the y-axis. The color of a dot describes the SNV type. (A) Sample C2L_T2 (tumor, set 1), (B) Sample 
C5R_T2 (tumor, set 2), (C) Sample C20R_C (control, set 3). 

In the next step, it was tested whether the number of exonic variants was associated with the 

expression level of the genes. Based on the FPKM values, all genes were divided into six 

classes. Thereby, the number of genes per class was similar between all samples  

(Figure S 38). Afterwards, the mean SNV counts normalized by gene lengths were calculated. 

Interestingly, in all sample groups, the mutation rate for germline and somatic SNVs was 

significant higher in lowly expressed genes (Figure 3-20 A) demonstrating an unequal SNV 

distribution during evolution. Based on a linear regression model, the distribution of variants to 

the FPKM classes did not differ significantly between the treatment groups. In contrast, no 

significant dependency between expression level and somatic SNV count were observed in 

the tumor samples (Figure 3-20 B). This was also the case for somatic C>T variants, which 

were e.g. induced by AOM (Figure 3-20 C).  
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Figure 3-20 Connection between number of SNVs and expression level 
The figures show the normalized number of SNVs for each FPKM class. The normalized SNV count was defined 
as [1000 x (SNV count / total exonic length)]. A higher FPKM class refers to a higher expression level. (A) Analysis 
based on germline and somatic SNVs of all treatment groups. (B) Analysis based on somatic SNVs called in tumor 
samples. (C) Analysis based on somatic C>T base substitutions called in tumor samples. 

Taken together, SNVs were not enriched in specific genomic regions in the investigated tumor 

samples. Thus, AOM/DSS-induced colorectal cancer seems to be characterized by a random 

variant distribution. 

3.2.2.3.3 Comparison between observed and known mutational signatures  

The observed somatic SNV type distributions including the sequence context were compared 

with mutational signatures from different human cancer types described in the COSMIC 

database [122] (Figure 3-21). Interestingly, signatures 6 and 10, which are common in 

colorectal cancer, showed only a low contribution to the mutational patterns of the investigated 

tumor samples in the current study. Also signatures often observed in nearly all cancer types 

such as signatures 1, 2, 5, and 13 had only a small influence on the SNV distributions in 

AOM/DSS-triggered colorectal tumors, while signatures 3, 8, 12, 20, 22, and 30 had a high 

impact. Although the etiology of the signatures 8, 12, and 30 were not revealed yet, the 

signatures might point to molecular mechanisms underlying AOM/DSS-triggered colorectal 

cancer. As example, signature 20 is likely based on a defective DNA mismatch repair 

mechanisms, while signature 3 suggests a malfunctioned DNA double-strand break-repair by 

homologous recombination. Additionally, signature 20 is often related to small InDels in repeat 

regions and signature 3 indicates an increased number of large InDels at breakpoint junctions. 

However, WGS would be necessary to verify these variant types.  

Based on the signatures described in the COSMIC database, it was not possible to reconstruct 

the complete observed somatic SNV distributions (Figure 3-22). The RSS values amounted 

between 0.00087 and 0.00216 (median = 0.00149). Major differences existed e.g. for C>T in 

the context of ACA as well as T>C in the context of CTG and TTG. 
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Figure 3-21 Contribution of known cancer-associated mutational signatures described in the COSMIC 
database to somatic SNV patterns observed in the tumor samples of the current study 

 
Figure 3-22 Comparison between observed and reconstructed SNV patterns 
The observed SNV patterns were based on somatic SNVs of the investigated AOM/DSS-triggered colorectal tumor 
samples. The reconstructed version was computed using the cancer signatures described in the COSMIC database.  
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To enable the explanation of the complete observed mutational spectrums, novel signatures 

contributing to the somatic SNV patterns of the investigated tumor samples were computed. 

Six signatures were necessary to reduce the RSS value below 0.0001 (RSS values between 

1.099E-5 and 5.397E-4 with median = 5.892E-5) explaining 99% of the variance (Figure S 39). 

Thus, the reconstructed SNV pattern based on the novel signatures represented the observed 

SNV distributions in a nearly perfect manner (Figure S 40).  

The six novel signatures are described in Figure 3-23. Most of the signatures were 

characterized by a high amount of C>A, C>T, T>A, and T>C base substitutions, while C>G 

and T>G SNVs were rare. The causal factors for these signatures were completely unknown 

and further investigations are necessary to identify the underlying mutational processes of the 

identified signatures. Therefore, it might be that some underlying mechanisms were shared 

with those of the signatures suggested in the COSMIC database. As consequence, the novel 

signatures could not be merged with the already known ones, because the reported signatures 

should be independent of each other.  

 
Figure 3-23 Description of novel contributing signatures 
The plot describes the relative amount of each SNV type including base context for each of the six signatures 
underlying murine AOM/DSS-triggered colorectal cancer.  

In all tumor samples, signatures D and E had the highest impact on the observed SNV patterns 

(Figure 3-24). Signatures B, C, and F affected mainly samples from the second treatment set, 

while signature A had a higher influence on samples from the first and third treatment set.  
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Figure 3-24 Contribution of novel signatures to the observed somatic SNV patterns 
The figure shows the relative contribution of each signature to the observed somatic SNV patterns in the tumor 
samples of the current study.  

The need of signatures in addition to those annotated in the COSMIC database demonstrates 

that the SNV pattern of murine AOM/DSS-triggered colorectal cancer differs from already 

investigated cancer types including human CRC.  

 Variants detected in AOM/DSS-associated colorectal cancer 

3.2.2.4.1 SNVs and small InDels without cancer-associated annotation 

In total, 9,063 exonic SNVs were called in at least one tumor sample. Out of the SNVs, which 

were not listed in dbSNP, 4,296 SNVs caused either a stop codon or were non-synonymous 

and located at a conserved position. Based on the 5% allele support threshold, 101 SNVs were 

shared by at least three tumor samples and did not exist in any of the controls. In a further 

quality control step, all SNVs were extracted, which were (i) at a position with a coverage of at 

least 5x, (ii) supported by at least two reads, and (iii) part of 20 or more percent of the mapped 

sequences at that position. This resulted in a final number of 53 mutations (four stopgain, 49 

missense) including substitutions in the genes Mapk10, Gnas, and Mcc (Table S 29). In 

comparison to the non-tumor samples, the number of mutated tumor samples was especially 

high for the genes Ctnnb1, Loc1000044193, and Sbf1.  

To test the functional relevance of all called somatic base substitutions in a more stringent 

approach, all exonic, non-synonymous SNV positions were converted to the human genome 

build hg19. This enabled to filter the variants additionally with damaging prediction tools like 

PolyPhen2 and Sift. For 2,288 variants at conserved positions, which did not exist in the 

database dbSNP, the program SIFT or the tool PolyPhen2 predicted an effect of the 

substitution on the protein function. Out of these SNVs, 57 did not exist in any of the untreated 

controls but were observed in at least three tumors, whereof 32 passed all final quality control 

Set 1 Set 2 Set 3

C
1
W

O
_
T

1

C
1
W

O
_
T

3

C
2
L
_
T

2

C
2
L
_
T

1

C
2
R

_
T

6

C
2
R

_
T

1

C
5
W

O
_
T

1

C
6
R

_
T

1

C
6
W

O
_
T

1

C
5
R

_
T

1

C
7
W

O
_
T

1

C
5
R

_
T

2

C
6
W

O
_
T

2

C
6
R

_
T

2

C
7
W

O
_
T

3

C
5
W

O
_
T

5

C
1
1
W

O
_
T

1

C
1

5
R

_
T

2

C
1

2
R

_
T

1

C
1
2
W

O
_
T

2

C
1
1
_
T

1

C
1

6
R

_
T

1

C
1
5
W

O
_
T

1

C
1

5
R

_
T

1

R
e
la

ti
v
e
 c

o
n
tr

ib
u
ti
o
n

1.0

0.75

0.50

0.25

0.00

Signature E Signature FSignature A Signature B Signature C Signature D



 Results 

-74- 

steps. All final variants were included in the results of the first method (Table S 29). Confirmed 

SNVs were for example located in the genes Ctnnb1, Apobec2, Bcl6b, and Gfi1. 

33,888 small insertions and 148,197 small deletions (somatic or germline) were called in at 

least one tumor sample, whereof 1,077 were novel non-frameshift variants. From this set, 17 

variants did not exist in any of the controls and were supported by at least 5% of the reads in 

three or more tumor samples. After the quality steps described in section 2.2.7.2, twelve 

somatic InDels potentially associated with inflammation-triggered colorectal cancer were 

identified (Table S 30). None of the affected genes were annotated in the COSMIC cancer 

gene census list. 

The different filter strategies are summarized in Figure 3-25. 

3.2.2.4.2 Known cancer-associated SNVs and small InDels 

In a further step, it was investigated, which variants were already annotated in common 

disease databases. Therefore, 287,604 SNVs and 43,195 InDels detected in at least one tumor 

sample were successfully converted from the murine mm10 assembly to the human hg19 

reference.  

490 coding variants (470 SNVs and 20 InDels) were found in the COSMIC database, whereof 

18 SNVs were predicted as cancer-promoting by the FATHMM algorithm. Five of these 

potential driver mutations were associated with tumor development in the large intestine  

(Table S 31). Out of the 20 identified InDels, nine existed in at least two tumor samples listed 

in the COSMIC database and were therefore most likely no artifacts (Table S 31). Further 39 

noncoding SNVs were reported for at least two tumor samples in the COSMIC database. 

Noticeable, the ratio of small InDels associated with cancers of the large intestine was 

significantly higher in variants found in the investigated tumors than in all variants annotated 

in the COSMIC database (48.4% and 34.5%, respectively, p = 0.0031 based on one-tailed 

Fisher's exact test). Surprisingly, no differences were observed for SNVs (20.8% vs. 17.0%, 

p = 0.295). 

In the database Clinvar, seven SNVs with relevance for cancer diseases were found: 

hepatoblastoma (n = 1), malignant melanoma (n = 5), tuberous sclerosis syndrome (n = 1). 

Further four SNVs were involved in the development of metabolism-associated diseases 

(Lucey-Driscoll syndrome (n = 1), deficiency of xanthine oxidase (n = 1), and deficiency of 

UDPglucose-hexose-1-phosphate uridyl transferase (autosomal recessive disorder of 

galactose metabolism) (n = 2)) (Table S 32). None of the InDels found in the investigated tumor 

samples were annotated in the Clinvar database. 

None of the tested variants existed in the GWAS catalog. 
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Figure 3-25 Variant filter workflow 
Different strategies were applied to identify variants associated with AOM/DSS-trigged colorectal cancer. The left 
branch summarizes the results for known variants. The middle one displays the filter steps for novel InDels. For 
novel SNVs, two different approaches were used, which are shown on the right side.  

 Genes mutated in AOM/DSS-associated colorectal cancer 

The likelihood to find a recurrent somatic variant was estimated to be low, because only a small 

sample number was investigated. Therefore, besides the investigation of variants, recurrence 

was addressed on gene level. Two approaches were applied to find genes potentially 

associated with AOM/DSS-triggered colorectal cancer. First, genes with a tumor-specific high 

variant density were identified. This included genes, which were affected by not more than one 

mutation (SNV or small InDel) in maximum one control sample and which harbored at least 

five variants in one tumor samples at the same time. Seven genes (Triobp, Ran, 

LOC100044193 / Gm20939, Foxo3, Eef2k, Clstn1, and 1600014C10Rik) fulfilled these criteria 

(Figure 3-26). The highest number of variants (18 SNVs) was observed in the gene Foxo3 in 

sample C15R_T1. Interestingly, this mouse was affected by an intestinal prolapse and had to 

be excluded from the experiment 19 days before the regular finish date. 

In a second strategy, genes were selected, which were, based on a one-tailed Fisher's exact 

test, significantly more often affected by a non-synonymous SNV or InDel in the tumors than 

in the union of control and DSS samples (p Ò 0.05). Genes having a mutation in more than two 

controls were excluded, because they were most likely hypervariable. Furthermore, all genes 

with a non-synonymous variant in at least three tumor samples and without any affected control 
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were included in the following analysis. This strategy resulted in a total number of 163 genes, 

which were called differentially mutated genes (Figure S 41). The subset with even four or 

more mutated tumor samples (31 genes) is shown in Figure 3-27. An especially high difference 

in the variant count between tumor and non-tumor samples was observed in the genes Cenpf, 

Ctnnb1, Syne2, and Vmn2r51. 

 

Figure 3-26 Genes with high variant density in tumor samples 
The figure shows all genes with five or more variants (SNVs or InDels) in at least one tumor sample, maximum one 
SNV per control sample, and not more than one affected control sample. The plot illustrates for each sample the 
number of variants in the specific gene. Samples without mutation in the gene are not displayed.   

 

 

Figure 3-27 Oncoplot based on differentially mutated genes (subset) 
The Oncoplot includes all genes, which were significantly more often affected by at least one InDel or 
non-synonymous SNV in the tumor than in the set of control and DSS samples. Furthermore, all genes having a 
non-synonymous variant in at least four tumors and in none of the controls are displayed. The colors of the boxes 
indicate the variant type. Each row provides information on one sample and each column on one gene. The lower 
part of the figure summarizes the Oncoplot and shows for each gene the number of samples affected by at least 
one InDel or non-synonymous SNV. 
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The 163 filtered genes, which were more often affected by a non-synonymous variant in the 

tumor than in the control samples, were used to create a protein-protein interaction network 

(Figure 3-28). All single nodes without connection to any other gene were not considered for 

further analyses. The connectedness of each node was investigated to infer important 

functional hubs of the network. A central position in this network was represented by Ctnnb1 

(b-catenin), which is known to be frequently mutated in CAC [49, 53] and had 14 connections 

to other differentially mutated genes. Other important hub genes were Abl1 (nine connections), 

Nos1 (eight), Ncor2 (eight), and Foxo3 (six). Based on the assumption that not just single 

genes but complete pathways were involved in the formation of tumors, proteins interacting 

with known cancer-associated genes were particularly strong candidates. Therefore, all genes, 

which were known to be involved in the development of tumors, were marked in the network 

shown in Figure 3-28. A gene was defined as known cancer-associated, if at least two samples 

with a mutation predicted as cancer driver / cancer-promoting by the tool FATHMM were listed 

in the COSMIC database. Based on this strategy genes such as Chd8, Ncor2, and Myh7b 

were potentially involved in the development of AOM/DSS-triggered colorectal cancer. 

Furthermore, known cancer-associated genes with evidence of an involvement in inflammatory 

processes were especially interesting genes. A salient gene within the WES data, directly 

linked to inflammatory signal transduction, was Nfəbiɕ, which was characterized by the highest 

percentage of inflammatory, directly connected genes (Figure S 42). 

 
Figure 3-28 Protein-protein interaction network based on differentially mutated genes 
The protein-protein interaction network is based on all proteins encoded by genes, which were more often affected 
in the tumors than in the set of DSS and control samples. The links are based on information from the STRING 
database. The line color indicates the source of the connection. Proteins with a known association to colorectal or 
colon cancer are marked in red. Proteins associated with another cancer type are displayed in yellow. All other 
proteins are shown in grey. Nodes without a connection to any other protein encoded by a differentially mutated 
gene were excluded from the figure. Nf-əb1 was added as one of the most important inflammatory genes, although 
it was not more often affected by a mutation in the tumors than in the pool of DSS and control samples. 
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A gene set enrichment analysis based on the 163 genes selected for the Oncoplot resulted in 

133 significantly enriched GO terms (Table S 33). Surprisingly, no obviously 

cancer-associated, but several neurological, protein localization and protein modification 

processes were among the resulting terms. None of the KEGG pathways was significantly 

more often affected by the 163 genes than expected by chance.  

 Processes affected by non-synonymous variants in murine inflammation-

triggered colorectal cancer 

Pathways annotated in the KEGG database, which harbored more genes affected by a 

non-synonymous somatic variant in the tumor than in the pool of control and DSS samples, 

were investigated (Figure 3-29 A). In contrast to gene expression data, a direct comparison 

between sample types was necessary for each pathway to consider factors like conserved 

regions and gene length. 34 pathways were enriched for non-synonymous variants in the tumor 

samples including the three global and overview pathways óMetabolic pathwaysô (p = 0.0456), 

óChemical carcinogenesisô (p = 0.0488), and óMicroRNAs in cancerô (p = 0.0372). Among the 

specific KEGG pathways, it is noticeable that the p53 signaling pathway was enriched for 

genes having at least one non-synonymous variant (p = 0.0456), although no mutation in 

Trp53 itself was detected in any of the tumor samples. Furthermore, an increased number of 

affected genes in the tumor samples was found in the PI3K-Akt signaling pathway (p = 0.0456) 

and several metabolic processes.  

Although the proximal tissues of the AOM/DSS-treated mice might carry already some somatic 

mutations, it was decided to combine these samples with the DSS and control samples to 

further increase the statistical power. With this less stringent strategy, 42 additional potentially 

cancer-associated pathways were found, including the signaling pathways mTOR, Ras, and 

MAPK (Figure 3-29 B).  

Instead of counting affected genes, the number of non-synonymous variants per pathway were 

investigated in a second approach. Nine processes harbored significantly more alterations in 

the tumor samples than in the non-tumor samples (controls, DSS, AOM/DSS proximal). While 

the enrichment of the pathways PI3K-Akt signaling and RNA degradation could be confirmed 

with this method, processes involved in cancer or metabolism harbored a similar number of 

variants between tumor and non-tumor samples (Figure 3-30). 

Ctnnb1, which had a central role in the protein-protein interaction network shown above, is part 

of the Wnt signaling pathway. Although this pathway did not harbor significantly more mutated 

genes in the tumor than in the non-tumor samples (p = 0.065), subpathways of this process 

were investigated more detailed (Figure S 43). Interestingly, in the canoncial pathway and 

Wnt / Ca2+ pathway, tumor samples featured significantly more mutated genes in the tumor 
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than in the non-tumor samples (p < 0.0001 and p = 0.0186, respectively), while no differences 

were detected in the planar cell polarity pathway (p = 0.491).  

 

Figure 3-29 Enriched pathways based on genes affected by at least one non-synonymous variant 
(A) Bar plot displays all pathways with significantly more genes affected by a non-synonymous SNV or InDel in the 
tumor samples than in the pool of control and DSS samples. (B) Barplot shows all pathways with significantly more 
genes affected by a non-synonymous SNV or InDel in the tumor samples than in the pool of control, DSS and 
AOM/DSS proximal samples. Pathways with significant p-value in the more stringent approach shown in figure part 
(A) are not displayed (B). 

 

3.2.3 Transcriptome sequencing 

 Sequencing and mapping results 

In total, 33 transcriptomes were sequenced using an rRNA depleted stranded RNA sequencing 

protocol on the Illumina HiSeq2500. Eleven samples were derived from tumor tissues, eleven 
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from the proximal non-tumor part of the colon from AOM/DSS-treated mice, five from mice 

exclusively treated with DSS and six from the proximal colon part from controls. On average 

85 million reads were sequenced per sample. Between 57,491,068 and 194,958,544 

sequences with a mean length of 99 nt and an average base quality between 35.6 and 37.3 

passed the quality filter. A mean of 64 million reads per sample could be mapped to the murine 

reference genome mm10, of which ~87% harbored a unique alignment position (mapping 

quality = 50). Around 41% of the sequences shared the starting point with another read. These 

so-called duplicates were exclusively considered for quality control and, in contrast to the WES 

part, not excluded from further analyses. All samples showed a sense/antisense noise of less 

than 1.3%. On average 33% of the reads mapped in known exonic regions, whereby the 

fraction of ribosomal RNA was ~24%. Expression (FPKM value > 0.01) could be detected for 

~59% of all known transcripts (Table S 34). A slight 5' bias was detected in all samples  

(Figure S 44). Interestingly, the interquartile range (IQR) of the FPKM values was higher in the 

tumor samples compared to the other treatment groups (Figure 3-31 A, Figure S 45 A) 

demonstrating the higher range of mRNA levels in cancer cells. This means that while many 

genes were downregulated due to mutations, the expression of tumor supporting genes were 

especially high. The IQR was particularly high in the tumor samples derived from mice treated 

with a high DSS dose, although possibly due to the low sample number, the comparison 

between different tumor sets (low, medium and high DSS dose) did not result in a significant 

p-value (Figure S 45 B). A technical bias causing this effect could be excluded, because tumor 

samples were processed at different points in time and the number of mapped reads did not 

differ from the control samples. Moreover, the influence of sequencing run and library batch 

on the variance of the FPKM values was low (4% and 7%, respectively), while ~35% of the 

variance could be explained by the treatment (Figure 3-31 B).  

 

Figure 3-31 Expression IQRs and factors contributing to mRNA level distribution 
(A) The Violin plot displays the distribution of the FPKM values. The IQR is marked in blue and the median in red. 
All FPKM values larger 100 were reduced to 100. (B) Influence of different factors on the gene expression level. 
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 Sample distribution and outlier detection 

Two tests were performed to detect outliers. First, the median K-dist based on all mapped 

sequences and the D-dist based on FPKM values were calculated. In this quality check, the 

sample C3R_D was identified as an outlier (Figure 3-32 A). This result was caused by an 

increased number of duplicates in the sample C3R_D produced by an amplification bias during 

the library preparation. Thus, the diversity of the library was lowered. This affected the 

expression levels of all genes in a similar amount but might led to a lack of detection of lowly 

expressed genes. Additionally, the high duplicate rate was supported by a high rRNA 

proportion in the sample C3R_D. The sample was used for further analyses, because the 

investigation of the transcriptome data was not influenced by the aberrant k-mer count. 

In the second quality control step, an MDS plot was created to validate sample associations 

(Figure 3-32 B+C). The control sample C20R_C clustered together with the formerly inflamed 

tissue samples from DSS- and AOM/DSS-treated mice. Thus, the sample C20R_C was 

excluded as control sample from further analyses to avoid a falsification due to a potential real 

inflammation. 

 

Figure 3-32 Sample distribution and outlier detection in RNA-Seq data 
(A) The D-dist defined as median of all pairwise correlations of a given sample is shown on the x-axis, while the 
median k-mer distance (K-dist) based on all mapped reads is displayed on the y-axis. The dashed lines indicate the 
outlier thresholds calculated as Q1 minus 1.5 fold of the interquartile range and Q3 plus 1.5 fold of the interquartile 
range. The sample C3R_D was identified as an outlier. (B) MDS plot based on gene expression values of all 
samples. (C) MDS plot based on gene expression values of formerly inflamed and control tissue samples. The 
control sample C20R_C clustered together with the post-inflamed tissue samples and was therefore excluded from 
further analyses. 

 Genes and processes with modified transcriptional patterns in tumor samples 

In the comparison between tumor and control samples, 5,663 significantly upregulated (1,078 

with p < 0.001 and fold change > 4) and 5,829 significantly downregulated (1,467 with 
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p < 0.001 and fold change > 4) were detected. The 50 genes with lowest p-value are shown in 

Figure 3-33. A distinct separation between tumor and all other sample types was visible, but 

no clear clustering by DSS dose could be observed. Within the non-tumor samples, all control 

samples clustered together with two samples from mice treated with low DSS and were thus 

different from all other formerly inflamed and tumor tissue samples. As expected, the 

expression values of the tumor samples showed a higher deviation from the mean value per 

gene demonstrating a more extreme regulation. 

 
Figure 3-33 Genes differentially expressed between tumor and control samples 
The heatmap visualizes the 50 differentially expressed genes with lowest p-value in the comparison between tumor 
and control samples. The color distribution indicates the z-score normalized expression values. The dendrograms 
are based on hierarchical clustering using Euclidean distance.  
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To identify up- or downregulated genes representing hubs in biological processes, a 

protein-protein interaction network based on all differentially expressed genes with p-value 

smaller 0.001 and a fold change larger four was created. This resulted in a so-called hairball 

without clear distinction between the elements. Therefore, the connectedness of each 

differentially expressed transcript within this network was interrogated. The 33 genes, which 

formed the overlap of the 50 genes with the highest number of direct connections and the 50 

genes with the highest number of indirect connections (one intermediate node), were plotted 

as a subnetwork (Figure 3-34). The genes Tnf, Acacb, Rac3, and Nos1 might play a central 

role in the development of AOM/DSS-associated colorectal cancer, as they were at highly 

branched positions within the complete network.  

 
Figure 3-34 Protein-protein interaction network based on differentially expressed genes  
(A) Number of direct and indirect connections of all genes, which were differentially expressed between tumor and 
control samples (p < 0.001 and fold change > 4). The 33 nodes with red label indicate genes, which were amongst 
the 50 genes with the highest number of direct connections to differentially expressed genes and amongst the 50 
genes with the highest number of indirect connections to genes with altered mRNA level. (B) + (C) Protein-protein 
interaction network based on the 33 highly connected differentially expressed genes in (A). (B) The color coding is 
based on alterations observed in the current study. (C) The coloring is based on known cancer-associated 
alterations: The node filling indicates whether variants in the gene were annotated as cancer driver mutation in the 
COSMIC database. The node border shows the direction of the cPI score: A positive cPI score refers, like an 
upregulated gene, to a potential oncogene. Vice versa, a negative cPI score refers, like a downregulated gene, to 
a potential tumor suppressor. 
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 Processes and transcription factor classes enriched for differentially 

expressed genes  

In the next step, it was investigated whether subsets of differentially expressed genes with 

p-value < 0.001 and fold change > 4 between tumor and control samples were enriched for 

specific processes. Downregulated genes were more often than expected by chance part of 

processes involved in homeostasis and metabolism, such as óDrug metabolismô (KEGG: 

p = 1.441E-06), óGlucose homeostasisô (GO: p = 0.000148), óCellular homeostasisô (GO: 

p = 1.33E-05) as well as óRegulation of cell communicationô (GO: p = 0.000563) and óProtein 

digestion and absorptionô (KEGG: p = 0.000553). In contrast, upregulated genes were 

enriched in processes, which were mainly associated with cancer or immune response, such 

as the óWnt signaling pathwayô (KEGG: p = 0.000642, GO: p = 0.0185), óPathways in cancerô 

(KEGG: p = 0.0109 ), óCell cycleô (GO: p = 3.67E-21), óCell migrationô (GO: p = 2.36E-07), 

óStress-activated MAPK cascadeô (GO: p = 1.16E-05), and the óERBB signaling pathwayô (GO: 

p = 0.00149). Also the functional group óGene expressionô harbored more differentially 

expressed genes than expected, which is in line with the higher interquartile range of 

expression values in the tumor samples shown in Figure S 45 and the higher number of 

identified nTars shown in chapter 3.2.4. Additional interesting processes enriched for 

upregulated genes included óCell-cell adhesionô and óDNA repairô. In the GO term óCellular 

response to chemical stimulusô were more upregulated and more downregulated genes than 

expected. All KEGG terms enriched for differentially expressed genes are shown in  

Figure 3-35. All GO terms with the highest hierarchy level and an adjusted p-value smaller 

0.001 are shown in the supplementary Table S 35 and Table S 36.  

 
Figure 3-35 KEGG pathways enriched for differentially expressed genes 
(A) Processes enriched for downregulated genes. (B) Processes enriched for upregulated genes. 
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Transcription factor prediction analysis showed that upregulated genes were enriched for 41 

Transfac transcription factor classes (Table S 37) as well as 95 transcription factor classes 

annotated in the Jaspar database (Table S 38) including p53, Nfkb1, and Stat3. Downregulated 

genes were enriched for 40 Transfac transcription factor classes (Table S 39) as well as 67 

transcription factors annotated in the Jaspar database (Table S 40) including Sp1, Nrsf, and 

Spz1. 

 Association between gene expression and specific tumor features  

Besides the distinction between tumor and control samples, several genes and processes 

were differentially expressed between tumor samples. Thus, the effect of features such as 

DSS dose, intestinal prolapse, and intestinal tumor position were investigated next.  

A comparison between tumor samples treated with different DSS doses were performed to 

identify genes and processes changing the activation level at specific tumor stages. In total, 

388 genes divided into five clusters were significantly differentially expressed between the 

three tumor sets (Figure S 46, Table S 41). The number of five subclusters was deduced as 

the minimum amount of clusters with the highest amount of separation. While the first four 

clusters showed a clear upregulation in tumors from mice treated with a high DSS dose 

compared to those from animals exposed to a low DSS dose, the last cluster included genes 

characterized by a downregulation in animals, which obtained a high DSS dose. The first four 

clusters differed mainly in the expression level of tumors from mice fed with medium DSS dose. 

In detail, the first cluster contained genes, which were already overexpressed in all tumors 

from mice treated with medium DSS dose and were thus early activated during the tumor 

progress. These genes were enriched for adhesions processes such as óFocal adhesionô 

(KEGG: p = 0.00013), óRegulation of the actin cytoskeletonô (KEGG: p = 0.016), óImmune 

system processesô (GO: p = 0.039) as well as cancer-associated processes such as óCell 

migrationô (GO: p = 8.94E-06) and óAngiogenesisô (GO: p = 0.047). The second cluster 

included genes, which were only slightly activated in the large tumors (C5WO_T2 and 

C7WO_T1) from mice treated with medium DSS dose. These genes, which were activated at 

a late stage during tumor progression, were more often than expected in the processes óMAPK 

signaling pathwayô (KEGG: p = 0.046) and óRegulation of actin cascadesô (KEGG: p = 0.030). 

The third cluster included genes, which were activated late during tumor progression, but 

before the genes out of the second cluster. These genes were upregulated in large (C5WO_T2 

and C7WO_T1) but not in small (C6WO_T1, C6R_T3, C5R_T3) tumors from mice treated with 

medium DSS dose. These genes belonged to processes involved in the innate and adaptive 

immune system, such as óB cell receptor signaling pathwayô (KEGG: p = 0.00041), 

óCytokine-cytokine receptor interactionô (KEGG: p = 0.030), óChemokine signaling pathwayô 

(KEGG: p = 0.0027), and óNatural killer cell mediated cytotoxicityô (KEGG: p = 0.0096). The 
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fourth cluster contained early activated genes, which showed an even higher expression level 

in the large tumors from mice treated with medium DSS dose than in tumors from mice fed 

with high DSS dose. Also these genes were more often than expected included in processes 

involved in the immune system, such as óAntigen processing and presentationô (KEGG: 

p = 0.0066), óIntestinal immune network for IgA productionô (KEGG: p = 0.000099), and 

óRegulation of acute inflammatory responseô (GO: p = 0.014). Genes of the fifth cluster were 

downregulated in tumors from animals treated with high DSS doses. Affected processes 

included the óP53 signaling pathwayô (KEGG: 0.00056), óMetabolic processesô (GO: 

p = 0.0079), and óRegulation of the cell cycle processô (GO: p = 0.010). 

Besides the described differences in activation points in time of processes in tumor samples, 

several functional groups and pathways were potentially involved in the malignant 

transformation. This topic was addressed by a comparison of the expression levels between 

proximal colon samples from AOM/DSS treated mice and controls (p < 0.001). To exclude 

regulation changes due to chronic inflammation, all genes differentially expressed between 

samples from DSS treated animals and controls (p < 0.05) were excluded. The applied 

p-values thresholds of the two comparisons were set to different values to minimize artifacts 

due to e.g. power problems. The 115 genes potentially associated with the malignant 

transformation were assigned into five cluster (Figure 3-36, Table S 42), which was the lowest 

possible number of groups having a minimum cluster size of ten genes. The first cluster 

contained genes, which showed a slightly increased expression in samples from DSS treated 

mice compared to controls and an even higher mRNA level in the proximal colon samples from 

AOM/DSS treated animals. Interestingly, in the tumor samples, the gene regulation was similar 

to the controls demonstrating that these genes were exclusively active during malignant 

transformation. The first cluster included the tumor suppressor gene KLF6, which is known to 

be upregulated in IBD patients [199] but often lost or mutated in CAC tissues [200]. Also 

RNF11, which was suggested already suggested to be involved in the malignant 

transformation, was part of this group. However, it was also reported that RNF11 is upregulated 

in several cancer types [201]. Moreover, the observed expression pattern of CPNE2 

contradicted previous studies, in which a positive correlation of the CPNE2 mRNA level with 

tumor stage and distant metastasis was reported [202]. Genes of the first cluster were enriched 

in several processes mainly involved in protein metabolic processes (p = 0.0432) (Table S 42). 

The second expression cluster of genes potentially involved in malignant transformation 

contained genes, which showed an increasing activity from controls, to the proximal colon 

samples from AOM/DSS treated mice, up to tumors. These genes, which were activated at an 

early step during tumor progression, existed more often than expected in the KEGG pathways 

óP53 signaling pathwayô (p = 0.0022), óWnt signaling pathway (p = 0.046)ô, óPyrimidine 

metabolismô (p = 0.031), and óGlycerolipid metabolismô (p = 0.016) as well as several functional 
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groups involved in the óResponse to unfolded proteinô (p = 0.031) (Table S 42). Genes of the 

third and sixth regulation cluster showed an opposing behavior to the first one. These genes 

were especially downregulated during malignant transformation and thus might inhibit this 

process. The functions of genes included in this group were manifold and included tumor 

suppressors, such as Rbm5 [203], as well as oncogenes, such as Arhgef2 [204] and Cdc14B 

[205]. The fourth cluster contained genes showing decreasing mRNA level with increasing 

tumor progress and are thus potential tumor suppressors. While this is indeed true for 

Flcn [206], Cdc28A promotes tumorigenesis and cell proliferation in other cancer types [207]. 

The fifth regulation cluster showed a similar expression distribution like the second one, but 

the genes showed already a high expression in samples from AOM/DSS treated mice. These 

potential oncogenes were enriched for processes involved in óDNA bindingô (p = 0.0376) and 

óTranscription by RNA polymerase IIô (p = 0.0331) (Table S 42). 

 
Figure 3-36 Genes potentially involved in malignant transformation 
All genes shown in the figure were differentially expressed between controls and proximal colon samples from 
AOM/DSS treated mice (p<0.001) but not between controls and samples from animals exposed only to DSS 
(p>0.05). The grouping of the genes is based on a k-means clustering.  
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In addition to the tumor stage, the tumor localization in the colon associated with a specific 

expression pattern (Figure 3-37). The seven identified gene clusters demonstrated that not a 

smooth transition between the sections with tumor appearance existed, but a clear separation 

between tumors in the rectum, in the distal, and in the central part of the colon. As example, 

genes associated with the óCell cycleô (KEGG: p = 0.0060) or the óRegulation of the actin 

cytoskeletonô (KEGG: p = 0.0061) were significantly higher expressed in tumors located in the 

distal part of the colon, while an increased expression of metabolic processes (KEGG: p(óDrug 

metabolismô) = 0.0022) was observed for tumors in the rectum. Pathways related to the 

immune system were characterized by the highest mRNA level in central located tumors 

followed by tumors in the rectum and the distal part of the colon. Genes with highest expression 

in the central colonic section were associated with the óWnt signaling pathwayô (GO: p = 0.042), 

óChemical homeostasisô (GO: p = 0.027) as well as óTransportô (GO: p = 0.037) and óRegulation 

of the cell communicationô (GO: p = 0.00022) (Table S 43, Table S 44). 

Mice affected by AOM/DSS-triggered colorectal cancer can develop an intestinal prolapse, 

which is a very rare event in human CAC. The underlying molecular mechanisms for this 

difference are up to now mostly unknown. Therefore, tumors from mice with intestinal prolapse 

were compared with tumors from mice without intestinal prolapse resulting in 45 differentially 

expressed genes divided into three gene clusters, which were potentially associated with the 

development of an intestinal prolapse. The tumor sample C15R_T3 was retrieved from a 

mouse, which suffered from an intestinal prolapse for several days and was affected by a 

severe weight loss, while the tumor sample C1WO_T1 was from a mouse, which developed 

the intestinal prolapse shortly before the organ removal. This discrepancy was also reflected 

in the observed expression patterns (Figure S 47). The first out of three gene clusters 

contained genes, which were exclusively overexpressed in the tumor sample from the mice 

affected by an intestinal prolapse for a longer time. These genes were mostly involved in 

processes associated with óWater homeostasisô (GO: p = 0.0063), óThickened skinô (GO: 

p = 0.0031), and metabolic processes, such as óPantothenate and coenzyme A biosynthesisô 

(KEGG: p = 0.0031) and óMetabolism of xenobiotics by cytochrome P450ô (KEGG: p = 0.0022). 

The second gene cluster contained genes with lower expression in both tumor samples 

retrieved from mice with intestinal prolapse. This group were mainly involved in the óCellular 

ion homeostasisô (GO: p = 0.042) and the óImmune responseô (GO: p = 0.032) with particular 

focus on the óInnate immune responseô (GO: p = 0.028). The third cluster was opposed to the 

second one and included genes, which were upregulated in tumor samples from mice with 

intestinal prolapse. This group was based on biosynthetic (GO: p = 0.047) and metabolic 

processes, such as the óCellular lipid metabolic processô (GO: p = 0.047) and the óOrganic acid 

metabolic processô (GO: p = 0.047). 



 Results 

-89- 

 
Figure 3-37 Processes associated with the colorectal position of the tumor 
A k-means clustering was performed on all genes, which were differentially expressed between tumors located in 
rectal, distal, and central colorectal sections. KEGG pathways, which were significantly enriched for one of the 
resulting clusters, are shown on the right site of the plot. The following abbreviations were used in the figure: 
CAMs = Cell adhesion molecules, HCM = Hypertrophic cardiomyopathy, and ARVC = Arrythmogenic right 
ventricular cardiomyopathy.  

 Splicing patterns in AOM/DSS-induced tumors 

It is known that aberrant alternative splicing is linked to cancer [208]. However, most publicly 

available programs for the investigation of splice variants use an algorithm to estimate the 

expression of different isoforms of a gene. This approach bears the risk of a high error rate 

due to overlapping sequence parts of transcript isoforms. Therefore, the following three 

splicing types were investigated separately in the current study: alternative exon usage, shift 

of splice site positions, and different intron retention rate. In total, 867 genes were affected by 
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at least one splicing event, which was significantly different between tumor and the union of 

formerly inflamed (proximal colon samples from AOM/DSS or DSS treated mice) and control 

tissue samples. The most abundant splicing type was a shift of the splice donor site position 

(612 genes) followed by a change of the splice acceptor site position (356 genes). Based on a 

binomial test, these two splicing types were significant increased compared to both general 

alternative splicing in mice [209] (p = 1.648E-313 and p = 4.39E-18, respectively) and the 

assumption of a random distribution (p = 2.145E-31 and p = 1.973E-134, respectively). 

Furthermore, introns and outer exons that were significantly more often retained in the tumor 

samples (71 and 45 affected genes, respectively) were frequently observed in the current study 

(Figure 3-38). 

Genes harboring at least one significantly different splicing type were, amongst others, 

enriched in processes associated with metabolic processes (GO: p = 4.92E-25), cell adhesion 

(e.g. óTight junctionô (KEGG: p = 0.0241)), óBacterial invasion of epithelial cellsô (KEGG: 

p = 0.0276) as well as several signaling pathways including the óNOD-like receptor signaling 

pathwayô (KEGG: p = 0.0241) and the óWnt signaling pathwayô (GO: p = 0.0226) (Figure 3-38, 

Table S 45). However, not all processes were affected by all types of alternative splicing.  

 

Figure 3-38 Overview of splice events 
The shown results are based on all splice events, which were significantly different between tumor and all non-tumor 
samples. (A) Overview of the number of splice events for each investigated splicing type. (B) KEGG pathways, 
which were enriched for genes harboring at least one splice event. 

To gain deeper insights into the effect of each splicing type, all splicing forms were separately 

subjected to an additional analysis. First, different exon usage was investigated between tumor 

and the union of control and formerly inflamed tissue samples. For 17 genes, at least one exon 

was more often included in the tumor than in the control samples. Affected genes were for 

example Dgkd, which might be involved in tumorigenesis [210], and Gnas, which is associated 

with tumor formation [211]. Genes with higher PSI value in the tumor samples were, amongst 
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others, enriched for the KEGG pathways óTight junctionô (p = 0.04), óRegulation of actin 

cytoskeletonô (p = 0.05), as well as for the GO-term óBiological adhesionô (p = 0.027) including 

óCell adhesionô (p = 0.025) (Figure S 48 A+C). Vice versa, in 23 genes, at least one exon was 

skipped significantly more often in the tumor samples than in the controls, including genes 

encoding for tumor suppressors, such as Ceacam1 and Trp53inp1, tumor-associated antigens, 

such as Ctage5 and Nbr1, Lrrfip, which might function as activator of the canonical Wnt 

signaling pathway, and the gene Ppp1r13b encoding for a p53 interacting protein. Genes with 

significantly lower PSI in the tumor samples were enriched in the KEGG pathway óFocal 

adhesionô (p = 0.0032) and the GO terms óRegulation of interleukin-10 secretionô (p = 0.004), 

óRegulation of CD4-positive, alpha-beta T cell proliferationô (p = 0.00067), and óProtein 

secretionô (0.0469) (Figure S 48 B+D). However, most of the processes with aberrant PSI in 

tumor samples were affected by only two differentially spliced genes. To increase the power 

of the enrichment analyses, processes were identified, which harbored an unexpected high 

number of genes with at least one differentially spliced exon using an unadjusted p-value 

smaller 0.05. In this test, exclusively pathways affected by at least nine genes with differentially 

spliced exon were considered. As a result, genes with retained exon in the tumor samples 

were e.g. enriched for the KEGG pathways óMAPK signaling pathwayô (p = 0.017), óRegulation 

of actin cytoskeleton (p = 0.017) (Figure 3-39 A) as well as for the functional GO terms óPrimary 

metabolic processô (p = 5.58E-6), óPositive regulation of immune system processô (p = 0.0269), 

óWound healing (p = 0.0049), and óCell cycle (p = 3.02E-04) (Table S 46). In contrast, the 

following processes were, amongst others, significantly enriched for genes with at least one 

exon, which was more often spliced in the tumor samples: The KEGG pathways óWnt signaling 

pathwayô (p = 0.029), óB cell receptor pathwayô (p = 0.038), and óECM-receptor inactivationô 

(p = 0.021) (Figure 3-39 B) as well as the GO terms óActivation of innate immune responseô 

(p = 0.0426), óCellular processô (including óCell division (p = 0.000578), óCell cycleô 

(p = 1.67E-11), óCell deathô (p = 1.42E-06), and óCytoskeleton organizationô (p = 1.32E-08)), 

and the subprocesses óP53 bindingô (p = 0.03), óIəB kinase / NF-əB signalingô (p = 0.0017), 

óTelomere maintenanceô (p = 0.0215), óDNA repairô (p = 0.0197), and óTOR signalingô 

(p = 0.017) (Table S 47). Amongst processes, which were enriched for exon retention as well 

as for exon skipping in the tumor samples compared to the non-tumor samples, were the GO 

terms óCytoskeleton organizationô [p = 1.62E-04 (exon retained in tumor) / p = 4.62E-09 (exon 

skipped in tumor)], óApoptotic processô (p = 0.0186 / p = 9.04E-06) and óResponse to stressô 

(p = 0.0059 / p = 1.62E-06).  

Surprisingly, out of genes with different outer exon usage between tumor and control samples, 

significantly more genes retained the outer exon in the tumor samples (36 genes) than in the 

controls (eight genes). However, for genes with at least one exon retained more often in the 
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tumor samples than in the controls only the KEGG pathway óPurine metabolismô (p = 0.0238) 

was significantly enriched.  

 
Figure 3-39 KEGG pathways enriched for genes with aberrant PSI between tumor and all non-tumor 
samples 
(A) KEGG pathways enriched for genes with at least one exon, which was more often retained in the tumor 
compared to all non-tumor samples (gene selection based on unadjusted p-value < 0.05). (B) KEGG pathways 
enriched for genes with at least one exon, which was more often spliced in the tumor compared to all non-tumor 
samples (gene selection based on unadjusted p-value < 0.05).  

In 356 genes, the position of at least one acceptor site differed significantly between tumor and 

control samples, although the same donor site was used. Thereby, the position of the acceptor 

site was known or novel, while the donor site was already annotated in the used reference. A 

shift of the acceptor site position affected, amongst others, the tumor suppressor genes 

Ceacam1, Nbr1, Spint2, and Trit1, the tumor metastasis related genes Cd44 and Cttn as well 

as further genes related to cancer development or inflammation like Dmbt1, Tbck, Dsc2, 

Lrrfip2, Maged2, Tpd52l2, Yap1, Samhd1, and Tax1bp1. In addition, genes encoding for 

AXIN2, which plays an important role in the regulation of the stability of CTNNB1 in the 

Wnt-signaling pathway, and HUWE1, which ubiquitinates the p53 tumor suppressor, were 

affected. Amongst others, the genes were enriched for metabolic pathways, the KEGG process 

óNOD-like receptor signaling pathwayô (p = 0.003) as well as the GO terms óRegulation of 

CD4-positive, alpha-beta T cell proliferationô (p = 0.03) and óCellular response to chemical 

stimulusô (p = 0.0077, Figure 3-40 A+C). In 612 genes, the position of the donor sites differed 

between the treatment sets, although the same acceptor site was used. An alternative donor 

site was observed in the tumor suppressor encoding genes Casp2, Dcn, Ing, Mxi1, Rbbp8, 

Slc22a18, Trit1, and Mtus1 as well as genes associated with tumorigenesis, tumor 

progression, metastasis or other relations to cancer, such as Pbrm1, Pcsk6, Rnf43, Vmp1, 

Cd151, Galnt12, Ing1, Mtus1, Mxi1, Rnf43, Steap4, and Tpd52l2. Besides several metabolic 

processes, the genes were enriched for the KEGG pathways óECM-receptor interactionô 

(p = 0.0026) and óRegulation of actin cytoskeletonô (p = 0.0058) as well as the GO terms 

óResponse to drugô (p = 0.006), óRegulation of cell deathô (p = 9.31E-5), óPositive regulation of 

gene expressionô (p = 0.0054), óRegulation of response to stressô (p = 0.0081) and óRegulation 

of RNA splicingô (p = 0.019) (Figure 3-40 B+D).  
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Figure 3-40 Processes enriched for genes with alternative splice site position 
(A) KEGG pathways enriched for genes with alternative splice acceptor site position. (B) KEGG pathways enriched 
for genes with alternative splice donor site position. (C) GO terms enriched for genes with alternative splice acceptor 
site positions. (D) GO terms enriched for genes with alternative splice donor position. Only GO terms of the most 
general significant branch level are shown. Therefore, processes like óRegulation of response to stressô, which is a 
óBiological regulationô as well as óResponse to stimulusô, or óPositive regulation of gene expressionô, which belongs 
to óMetabolic processô as well as óBiological regulationô are not displayed.  

Besides the genes and processes with alternative splice site, the lengths of the splice site shifts 

were investigated. The majority of alternative positions were between 1000 and 9999 bp away 

from each other. This was the case for acceptor as well as donor sites (Figure 3-41). The 

alternative intron lengths seemed to be independent of open reading frames, because only 

between 31% and 34% of the distances between two alternative splice sites were divisible by 

three, which would also be expected by chance.  
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Figure 3-41 Distances between alternative splice sites 

As last splicing type, the intron retention rate was investigated. In 71 genes, including the 

oncogene Mecom and the prostate cancer-associated gene Rnasel, at least one intron was 

more often retained in the tumor samples than in the controls. In 30 genes, including the 

oncogene Kras, at least one intron was more often spliced in the tumor than in the control 

samples. Intron read-through events were, amongst others, enriched in the processes 

óPathways of cancerô (KEGG: p = 0.041), óRNA transportô (KEGG: p = 0.037) and 

óPosttranscriptional regulation of gene expressionô (GO: p = 0.05), while intron splicing 

occurred more often than expected in several metabolic pathways and in genes involved in 

óTight junctionô functions (KEGG: p = 0.036) (Figure 3-42). 

 
Figure 3-42 Processes enriched for genes with different intron retention rates in tumor samples  
(A) KEGG pathways enriched for genes having at least one intron significantly more often spliced in the tumor than 
in the union of all non-tumor samples. (B) KEGG pathways enriched for genes having at least one intron significantly 
more often retained in the tumor than in the union of all non-tumor samples. (C) GO terms enriched for genes having 
at least one intron significantly more often spliced in the tumor than in the union of all non-tumor samples. (D) GO 
terms enriched for genes having at least one intron significantly more often retained in the tumor than in the union 
of all non-tumor samples. Only GO terms of the highest significant branch level are shown.  
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Interestingly, the GO term enrichment analysis of genes with altered intron retention rate 

resulted in a higher percentage of processes annotated in the first branch of the GO hierarchy 

tree than genes altered by another splicing type or differentially expressed genes. 60% of the 

processes enriched for genes with at least one intron exclusively spliced in the tumor samples 

and 82% of processes enriched for genes with at least one intron exclusively spliced in the 

controls were part of the first branch of the GO term tree, which harbors the most general 

processes. In contrast, a considerable lower percentage of processes enriched for alterations 

such as shift of the splice site or altered expression were located in the first branch of the GO 

term tree: shift in acceptor site position = 11%, shift in donor site position = 28%, 

downregulation = 36%, upregulation = 20%. Out of the processes enriched for genes with 

different exon usage, 50% were located in the first level branch (50% for exon skipping and 

50% for exon retention in the tumor compared to control samples). This could indicate that 

genes with different intron retention rates were less specific assigned to a process. Thus, the 

regulation of this splicing type is less restrictive and directed.  

3.2.4 Novel transcriptionally active regions in AOM/DSS-triggered colorectal cancer 

At the time of my studies, no bioinformatic program existed, which were able to systematically 

investigate expressed transcripts, which were not annotated in the reference. To detect and 

characterize these so-called novel transcriptionally active regions (nTars) using RNA-Seq data 

and a genomic reference, I developed a novel tool during my studies. Besides giving 

information about the chromosomal coordinates of covered loci, this software reports 

connections via split reads or read pairs to annotated features or other nTars, correlations with 

expression values of annotated genes, the region in relation to annotated genes, neighboring 

genes incl. distances as well as several quality criteria such as coverage, number of nTar 

supporting reads with different start positions, mapping quality, and probabilities of 

mismappings. Further details are described in the methods section (chapter 2.2.9). As 

example, the program was applied to reveal nTars associated with AOM/DSS-triggered 

colorectal cancer.  

In the AOM/DSS-associated colorectal cancer project of my studies, the number of covered 

regions, which were not annotated as exonic in the used reference, ranged from 702,926 to 

902,991 per sample and were significantly higher in tumor samples compared to non-tumor 

samples (p(tumor vs. AOM/DSS proximal) = 0.00488, p(tumor vs. control) = 0.038)). In each 

sample, on average 7,708 nTars were characterized by a length of at least 50 bp and a mean 

coverage of 10x or higher. Although the highest amount of these nTars were located intronic 

(mean = 32.7%), exon-linked (mean = 26.8%) or intron-spanning (mean = 21.5%), these 

regions were not considered in further analyses to exclude a bias due to potential sequencing 

of pre-mRNA. However, differences between tumor and control samples in intronic regions 
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were covered by the splicing analyses described in chapter 3.2.3.6. Also in the filtered nTar 

subset, significantly more regions were detected in the tumor samples than in the proximal 

colon samples from AOM/DSS- and DSS-treated mice (p = 1.134E-05 and p = 0.00550, 

respectively) (Figure 3-43 A). In addition, a strong tendency was observed between tumor and 

control samples (p = 0.0517).  

Despite the higher number of nTars in the tumor samples, the percentage of nTars having an 

ORF larger 50 amino acids and a start codon was significantly lower in the tumor samples than 

in the non-tumor samples (Figure 3-43 B). The same pattern was observed for nTars featuring 

at least one splice site (data not shown). In contrast, no significant differences were detected 

regarding the distribution of the region in relation to the applied gene annotation  

(Figure 3-43 C) and the percentage of nTars connected via split reads or read pairs to known 

genes (data not shown). 

 
Figure 3-43 Description of detected nTars 
(A) Number of detected nTars with a minimum length of 50 bp, a mean coverage larger 10x, and a location outside 
of an intronic region. (B) Percentage of nTars having an ORF larger 50 amino acids and a start codon sequence. 
(C) Region distributions of the detected filtered nTars (length > 50bp, minimum mean coverage > 10x, not intronic) 
in relation to the applied genome annotation. 

The filtered nTar regions of all samples could be merged to 10,392 loci. An MDS-plot based 

on reads mapping to these regions clearly separated tumor from control and formerly inflamed 

tissue samples (Figure 3-44). 4,668 nTars were significantly differentially expressed between 

tumors and controls, of which the highest amount were located in intergenic regions (36.13%) 

followed by downstream (29.37%) and upstream UTR regions (11.02%). The lowest number 

of differentially expressed nTars were detected in the gene neighborhood 

(downstream = 7.67%, upstream = 5.50%). Even for the nTars, which were located antisense 

to an annotated exon (10.22%), several indicators suggested that a huge amount of these 

nTars were part of transcripts and not an artifact due to failed strandedness of some reads 

during the sequencing process: 94.07% harbored a reading frame larger 50 amino acids and 

71.74% had additionally a start codon. Moreover, only 49.44% showed a significant positive 
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correlation with the corresponding exon on the sense strand, while ten nTars were even 

negatively correlated. The latter classification included the genes Brsk1, Crym, Cyp3a13, 

Fam162a, Pes1 (two nTars), Phgdh, Sac3d1, Sh2d7, and Sord.  

Besides differentially expressed nTars between tumor and controls, many nTars were also 

characterized by a different expression pattern between tumor and formerly inflamed samples 

as well as between formerly inflamed and control samples (Figure 3-44).  

 
Figure 3-44 Comparison of nTars between sample groups 
Both figures are based on all regions, which were not annotated as exon or intron, had a minimum covered length 
of 50 bp and harbored a mean coverage larger 10x. (A) MDS plot based on identified nTars. (B) Number of 
differentially expressed nTars based on pairwise comparisons between all treatment groups.  

As example, the nTar shown in Figure 3-45 was differentially expressed between tumor and 

control samples (p = 4.65E-07). The nTar was 4,737 bp long, harbored an ORF of 174 amino 

acids and a splice site. This nTar was characterized by a significant negative correlation with 

the neighboring gene Ucn2 (p = 0.0087, Spearmanôs rho = -0.48). UCN2 is overexpressed in 

human CRC and was suggested to trigger inflammation, which contributes to CAC [212]. On 

the other hand, the nTar showed a positive correlation with the metabolic enzyme Pfkfb4 

(p = 3.27E-05, Spearmanôs rho = 0.69). PFKFB4 was reported to be overexpressed in human 

aggressive metastatic tumors, while suppression of PFKFB4 reduces tumor growth and the 

formation of metastases [213]. However, metastasis and aggressive tumor growth are missing 

in AOM/DSS-induced tumors [50, 214], which might explain the lower expression of Pfkfb4 in 

the tumor compared to the control samples. Interestingly, the nTar was also connected with 

Pfkfb4 via split reads and read pairs in 30 out of 32 samples, indicating that the nTar might be 

an additional exon of one Pfkfb4 isoform.  
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Figure 3-45 Example for one nTar 
The figures illustrate the mean coverage including standard error deviation for (A) all tumor samples and (B) all 
control samples. The nTar position was located between the genes Ucn2 and Pfkfb4. Both genes and the nTar 
were significantly differentially expressed between tumor and control samples. The nTar region was positively 
correlated with the Pfkfb4 and negatively correlated with Ucn2. 

Taken together, the developed tool enables to detect, filter, and characterize covered loci in 

genomic regions, which are not annotated yet. This is especially important to investigate 

species with an incomplete annotation, like non-model organisms, and to analyze phenotypes 

expressing genes, which are downregulated in already investigated control individuals. The 

described results demonstrate that even in the well-annotated murine system, a huge amount 

of novel potentially functional transcripts can be detected and associated with the development 

of AOM/DSS-triggered colorectal cancer. 

3.2.5 Combination of data layers to reveal genes and processes potentially associated 

with AOM/DSS-induced cancer  

The application of several data layers enables to gain a complete picture of a phenotype. Thus, 

WES and transcriptome sequencing results were combined to reveal novel insights into the 

molecular background of AOM/DSS-induced colorectal cancer. First, sample clustering was 

compared between WES and expression data to investigate whether general alteration 

differences were detectable between the sample groups. In a PCoA (Jaccard distance) based 

on all exonic SNVs and InDels (Figure 3-15 A), tumor samples from the first (high DSS) and 

second (medium DSS) sets were separated from the remaining samples. However, the third 

tumor set (low DSS), formerly inflamed, and control tissue samples were not distinguishable 

from each other. In contrast, a clear separation between all treatment groups was observable 

on expression level using MDS with Euclidean distance (Figure 3-32 B). Samples from the 

third set formed again a subcluster within the tumor samples. The distance measure methods, 

which were applied for the sample cluster analyses, changed due to different data types for 

WES (discrete) and transcriptome (continuous) results. These findings demonstrate that the 

step-wise progression of CAC is uniformly reflected on transcriptome level, although changes 

in the genome occur at an early stage. 
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In the next step, the expression level of genes, which were more often mutated in tumor than 

in control samples, were analyzed. Genes, which were unexpressed in all sample groups, were 

unlikely to contribute to the development of AOM/DSS-triggered colorectal cancer. For the 

following ten genes, no expression could be detected in at least ten samples: 4930467E23Rik, 

Epha10, Gabrg1, Magel2, Nlrp4e, Olfr143, Olfr1378, Pgr15l, Slc22a12, and Smok2a. In 

contrast, genes, which were differentially mutated and differentially expressed between tumor 

and control samples at the same time, were especially likely to contribute to murine 

inflammation-associated colorectal cancer. Twelve genes were more often mutated in tumor 

than in the control samples and differentially expressed with a p-value lower 0.001 and a 

minimum fold change of four (Table 3-3).  

 Gene P-value Adj. p-value Log2(FC) 

D
o

w
n

re
g

u
la

ti
o

n
 Pld1 4.532E-85 1.34E-82 -2.211 

Pclo 1.744E-20 2.23E-19 -2.731 

Nos1 3.584E-17 3.47E-16 -4.529 

Rimbp2 5.136E-17 4.92E-16 -3.059 

Kdm5a 1.198E-15 1.109E-14 -2.681 

Depdc7 1.405E-11 8.39E-11 -2.313 

Ncan 8.758E-05 2.38E-04 -2.512 

U
p

re
g

u
la

ti
o

n
 Odz4 3.398E-81 8.641E-79 3.951 

Pcyt1b 1.241E-13 8.98E-13 2.278 

Neb 2.723E-08 1.16E-07 3.214 

Myh7b 1.401E-4 3.69E-04 3.021 

Erbb4 2.093E-4 5.35E-04 3.083 

In the next step, the protein-protein interaction network based on differentially mutated genes 

(Figure 3-28) was combined with the 250 differentially expressed genes with lowest p-value 

(Figure 3-46). The connections between the individual subnetworks were inferred by protein 

links annotated in the STRING database. 129 direct connections between genes of the WES 

and transcriptome subnetworks existed, while one gene (Pld1) was shared. Interestingly, more 

upregulated than downregulated genes were connected to the WES subnetwork (p = 0.0159). 

Also the average number of connections per node was significantly higher in upregulated than 

in downregulated genes (p = 0.007183). No difference regarding the number of connections 

was observed between up- and downregulated genes within the network of differentially 

expressed genes.  

Genes involved in interactions between the two subnetworks were unequally distributed within 

each data set. In the WES results, Ctnnb1 (13 connections) harbored clearly the highest 

number of connections followed by Abl1 (11) and Erbb4 (10). In the transcriptome data, hub 

genes connecting both subnetworks included Nras (12), Ppara (11), and Mmp14 (7). Similar 

results could be found in a network combining mutated genes with all differentially expressed 

genes (p<0.001, fold change > 4). Thereby, in the network based on mutated genes, Ctnnb1 

(106 connections) harbored clearly the highest number of connections followed by Nos1 (103), 

Table 3-3 Differentially expressed 
mutated genes  
All genes listed in the table were more 
often mutated in tumor than in control 
samples and at the same time 
differentially expressed with p < 0.001 and 
fold change (FC) > 4. 
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Erbb4 (85), Abl1 (84), and the additionally inserted not altered gene Nfkb1 (79). In the 

transcriptome data, hub genes connecting both subnetworks included Rac3 (19), Tnf (15), 

Actc1 (14), Acta2 (13), Actg2 (12), and Ppara (11). These mentioned genes might play a 

central role in linking the different molecular layers. 

 
Figure 3-46 Protein-protein interaction network connecting WES and transcriptome results  
The upper subnetwork displays the WES results as described in chapter 3.2.2.5, while the lower subnetwork is 
based on the 250 differentially expressed genes with lowest p-value. The grey lines indicate direct connections 
between two genes of different subnetworks. The blue line illustrates a gene existing in both subnetworks. The node 
color is based on the number of connections between the gene and the genes out of the other subnetwork. The 
color of the regulation direction is based on differentially expressed genes with p-value smaller 0.5. 
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As expansion of this protein-protein interaction network, the highest ranked genes affected by 

alternative splicing were added as an extra layer (Figure S 49). In the WES subnetwork, the 

three genes with the highest number of connections to the expression subnetwork shown in 

Figure 3-46 were also among the genes with the highest number of connections to the splicing 

subnetwork: Abl1 (13), Ctnnb1 (10), and Erbb4 (10). Also in line with the previous network 

(Figure 3-46), Ppara and Nras out of the transcriptome subnetwork were highly connected with 

the splicing subnetwork (9 and 13 interactions, respectively). Other hubs connecting 

differentially expressed genes with the splicing subnetwork included Tcf7 (5), Mmp14 (5), and 

Egf (5). Thus, the highest number of connections to either WES or splicing harbored Nras (25), 

Ppara (20), and Mmp14 (12). In the splicing subnetwork, Kras showed the highest number of 

connections to the WES (12) as well as to the transcriptome (14) subnetwork. Several hub 

genes detected in the described networks could be confirmed in a network combining mutated 

with all differentially spliced genes and all differentially expressed genes (p<0.001, fold change 

> 4). In this network, Abl1 (65), Ctnnb1 (57), Nos1 (47), and Erbb4 (47) harbored the highest 

number of connections from the WES subnetwork to the splicing subnetwork, while Rac3 

showed the highest number of interactions from the transcriptome to the WES as well as to 

the splicing subnetwork (19 and 74, respectively). Other hubs connecting differentially 

expressed genes with the splicing subnetwork included Tnf (63), Acta2 (53), and Actg2 (52). 

In the splicing subnetwork, Mapk14, Kras, and App showed the highest number of interactions 

with the WES or transcriptome subnetwork (153, 144, and 134, respectively). However, not all 

genes were equally involved in the connections between the data layers. As example, the gene 

Gnas, which was alternatively spliced in the tumor samples compared to the controls, harbored 

50 connections to the expression subnetwork but none to the WES genes. 

To summarize the results and to identify the most promising candidate genes and processes 

over all reported analyses, an integrated protein-protein interaction network was created. This 

comprised all differentially expressed genes (p < 0.001 and fold change > 4) and genes more 

often affected by a variant in the tumor samples than in the controls. In contrast to the 

comparison between the WES network and the transcriptome network, this protein-protein 

interaction network did not connect two independent data layers, but produced one network 

based on all affected genes (differentially expressed or differentially mutated) without 

considering the alteration type in the first step. Even in this plot, genes connected more often 

with genes of the same alteration type (mutated: p = 5.159E-07, downregulated: 

p = 4.514E-13, upregulated: p = 2.269E-14). Due to the high network density, two approaches 

were used to identify potentially relevant hubs: (i) In the first approach, the absolute cPI values 

of connected genes were summed up and plotted against the number of connected genes 

having at least two samples annotated in the COSMIC database with a mutation predicted as 

cancer driver (Figure 3-47). Amongst the top scored genes were Ctnnb1, Tep1, Rac3, Abl1, 
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Tnf, and Erbb4, which were all already known to be associated with cancer [215ï221]. Genes 

such as Fras1 and Nos1 might be interesting novel candidates. The most relevant hub genes 

marked in Figure 3-47 A existed more often than expected in inflammatory and cancer-related 

pathways, such as óColorectal cancerô (p = 0.0012), óWnt signaling pathwayô (p = 0.0018), and 

ómTor signaling pathwayô (p = 0.0012) (Figure 3-47 B). All genes potentially involved in 

AOM/DSS-associated colorectal cancer were highly connected among themselves  

(Figure 3-47 C). 

In a second approach, each node of the overall protein-protein interaction network was first 

ranked according to its number of connected genes and subsequently to the number of 

connections to cancer-relevant genes as defined in the COSMIC database v79. Using a cutoff 

of 70 and 45 connections, respectively, the analysis resulted in 36 genes with high centrality. 

This was especially the case for Tnf, Il6, Ctnnb1, and Fras1 (Figure S 50 A). The relatively 

higher number of connections of Ctnnb1 within the investigated data set compared to the 

known cancer genes may point to a specific role of the gene in the tumorigenesis process in 

the AOM/DSS model. The highly connected genes within this network were enriched for 

several KEGG pathways related to inflammation and cancer, such as the óWntô (p = 0.027), 

óMAPKô (p = 0.026), óErrbBô (p = 0.009), óNOD-like receptorô (p = 0.00033), and óChemokineô 

(p = 0.00042) signaling pathways as well as the óColorectal cancer pathwayô (p = 0.0045) 

(Figure S 50 B). Interestingly, all filtered genes were again highly connected among 

themselves (Figure S 50 C), but formed two subclusters. Genes of the upper subnetwork were 

enriched for similar inflammatory and cancer-related processes like described for the 

enrichment analyses of all highly connected genes (Figure S 51). Out of the genes of the upper 

cluster, 95% were also detected with the first filter approach described above and were 

therefore even more likely to be involved in the development of AOM/DSS-triggered colorectal 

cancer. Genes of the lower subnetwork were enriched for pathways involved in metabolic and 

secretion processes (Figure S 51). Except Gnat3 all genes of this second subcluster were 

exclusively detected with the filter approach based on the number of interactions and might 

therefore be less likely to contribute to AOM/DSS-associated colorectal cancer. 

Next, differentially spliced genes were combined with differentially mutated and differentially 

expressed genes (Figure S 52 and Figure S 53) and both filter approaches described above 

repeated. The highest ranked genes based on the sum of cPI values and the number of 

connections to cancer-associated genes confirmed all genes, which were identified as most 

important in the protein-protein interaction network comprising only differentially mutated and 

differentially expressed genes. In addition, the genes Kras, MAP14, and Rac1 were among the 

highest ranked genes and thus, potentially involved in the development of 

inflammation-triggered colorectal cancer.  
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Figure 3-47 Genes with highest cPI sum and highest number of connected cancer genes in a protein-protein 
interaction network based on differentially mutated and differentially expressed genes 
A protein-protein interaction network based on all genes, which were differentially mutated or differentially 
expressed between tumor and control samples, was created. (A) Genes with the highest sum of absolute cPI values 
of all interaction partners and the highest number of connections to cancer-related genes were filtered and labeled 
in red in the scatter plot. For this analysis, all interaction partners including those, which were not altered and 
therefore not part of the network, were considered. (B) KEGG pathways enriched for genes filtered in (A). 
Exclusively processes with at least two affected genes are shown. (C) Protein-protein interaction network based on 
highly connected genes labeled in red in (A). The colors of the nodes indicate the observed alterations. 
















































































































































































































































































































































