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Human beings are members of a whole, 

In creation of one essence and soul 

If one member is afflicted with pain, 

Other members uneasy will remain 

If you have no sympathy for human pain, 

The name of human you cannot retain 

 

    Sa’adi Shirazi 
    1210-1291 
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1 
Lung cancer 

Lung cancer is the main cause of mortality in cancer patients with worldwide 

incidence of approximately 1.4 million per year1. In the Netherlands, 11,669 new 

cases were diagnosed and 10,544 deaths were registered in 2011 (www.ikc.nl). 

The low 5-year survival rate (16%) is mainly due to late diagnosis with 

metastasized disease at time of diagnosis and aggressive behavior of the tumor2. 

Lung cancer is classified into non-small cell lung cancer (NSCLC), which accounts 

for approximately 85% of all cases, and small cell lung cancer (SCLC)3. There are 

three main NSCLC subtypes, i.e. adenocarcinoma (AC), squamous cell carcinoma 

(SQCC) and large cell carcinoma (Figure 1)4. Computed tomography (CT) and 

positron emission tomography (PET) are used to detect the location of the 

primary tumor and presence of metastases. This is followed by histological 

examination of a biopsy of the tumor taken by bronchoscopy, endoscopic 

ultrasound guided biopsies or transthoraxic lung biopsies. 

 

 
Figure 1: Different subtypes of lung cancer. Formalin fixed paraffin embedded (FFPE) tissues stained 

by standard hematoxylin and eosin protocol. Magnification: 20x. A) Adeno B) Squamous cell C) 

Large cell D) Small cell carcinoma. 
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The staging system of lung cancer is based on the size and location of the 

primary tumor in the thorax, the number and location of tumor involved lymph 

nodes and presence of distant metastases (TNM staging system)5. In this 7th 

edition of the lung cancer staging system NSCLC is classified as local, locally 

advanced or advanced disease. Stage of the disease, performance status, 

presence of metastasis, histological subtype and presence of activating mutations 

are the key elements used to select the most optimal treatment strategy for each 

patient6. Surgery is the primary treatment for patients with stage I/II NSCLC7. 

(Neo)adjuvant chemotherapy increases the survival of resectable NSCLC 

patients8. Stage III NSCLC is usually treated with chemoradiotherapy and stage IV 

NSCLC with systemic treatments such as chemotherapy, targeted therapy or 

immunotherapy. 

There are several risk factors that contribute to the development of lung 

cancer including cigarette smoking9, chronic obstructive pulmonary disease 

(COPD)10, asbestos exposure11, air pollution such as fine particulate matter with 

an aerodynamic diameter of 20.5-10 (PM10), and genetic risk factors9. Smoking is 

the main risk factor12-13. A smoking history of more than 40 years increased the 

relative risks (RR) of SCLC and SQCC with 77 and 22, respectively14. However, only 

10% of the smokers will develop lung cancer12. For AC, besides smoking, air 

pollution also has a significant contribution. According to a large European study, 

the lung cancer risk (including AC) was associated with air pollution (Hazard ratio 

(HR) 1.22 [95% CI 1.03-1.45] per 10 μg/m3 increase in PM10)
13. Despite the low 

HR, the total air pollution impact may be  high since everybody is exposed.  

Hereditary factors also seem to affect susceptibility of smoking individuals to 

develop lung cancer. Several single nucleotide polymorphisms (SNPs) such as 

rs1051730 (CHRNA3), rs8034191 (AGPHD1) and rs1048943 (CYP1A1) on 

chromosome 15q have been reported to be associated with the risk of lung 

cancer development15-16. There are also some reports showing germline 

mutations in EGFR such as T790M, V843I and P848L in lung cancer patients17-18. In 

addition, a germline EGFR T790M mutation has been detected in two family 

members of a lung AC patient, one of which was diagnosed with lung AC as 

well19. Another case report identified a germline V843I mutation in family 

members with a history of lung cancer20.  
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1 
Gene mutations in lung cancer 

Lung cancer is a result of multiple genetic alterations that accumulate during 

life21. In 1982, a human gene with transforming activity was identified in a lung 

carcinoma cell line. This gene is homologous to the Kirsten Rat Sarcoma virus22 

and was referred to as KRAS. KRAS is involved in regulating cell proliferation21 and 

mutations in KRAS, mostly found in codons 12, 13, and 61, result in abnormal 

activation of the protein23. KRAS is mutated more frequently in AC of smoking 

patients (5-40%) than in the other subtypes of lung cancer21, 23. The TP53 gene, 

first described in 197924, has been implicated in DNA repair, cell cycle arrest and 

apoptosis25-26. It is an important tumor suppressor gene that is mutated in 

approximately 45% of NSCLC26, most frequent in SQCC27. Epidermal growth factor 

receptor (EGFR) shows a high mutation frequency in lung cancer, especially in 

non-smoking Asiatic females with AC28. It is mutated in 5-40% of NSCLC patients 

depending on the ethnicity2. The EGFR protein is involved in cell proliferation, 

differentiation and survival29 and activating mutations in the EGFR tyrosine kinase 

domain, i.e. exons 19-21 of the EGFR gene30, triggers a cascade of signaling 

pathways leading to uncontrolled cell proliferation, inhibition of apoptosis, and 

metastasis31. 

 

Next Generation Sequencing 

During the last three decades, automated Sanger sequencing has been 

extensively used both in characterization of the human genome and 

identification of genetic aberrations in human cancer samples. Despite 

improvements, technical limitations (cost and time) of Sanger sequencing urged 

development of improved technologies32. Automated Sanger sequencing is called 

“first generation sequencing” and newer methods like massively parallel 

sequencing are referred to as “next generation sequencing” (NGS)33. NGS is much 

more cost effective and allows generation of large amount of sequencing data 

within a shorter period of time. These developments led to increased output of 

sequencing studies34. Analysis of every single nucleotide of the human genome is 

referred to as whole genome sequencing (WGS), while determining the sequence 

of all exons, i.e. approximately 1% of the genome, is referred to as whole exome 

sequencing (WES)34-35. WGS is more costly than WES with the same coverage34, 

but gives a complete overview of all variations of the entire genome. For 

example, chromosomal rearrangements and gene fusions can be detected using 

paired-end WGS36, but not by WES. On the other hand, the huge amount of data 
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from WGS and its interpretation is a great challenge both in clinical and research 

settings37. 

In recent years, massively parallel sequencing has been applied also in RNA 

sequencing (RNA-seq) studies allowing researchers to investigate the entire 

transcriptome at high resolution38-39. Besides quantifying gene expression, RNA-

seq also allows detection of splice variants, identification of transcript start and 

end sites, novel transcripts and discovery of fusion transcripts38, 40. Moreover, 

using new advances in RNA-seq, novel small and long non-coding RNAs can be 

identified as well41.  

 

Tumor evolution and heterogeneity 

Cancer is a complex disease that is initiated by acquiring and accumulation of 

mutations in a single cell through time resulting in a cancerous cell population42. 

It is a genetically heterogeneous disease and several subpopulations coexist in a 

single tumor43. In 1976, cancer has been defined as an evolutionary process 

which is driven by somatic mutations and selection pressures that help 

outgrowth of some clones over others44. This definition led to two different 

concepts of evolution, i.e. linear versus branched. In the first model, cancer cells 

contain all driving mutations that accumulate during evolution, while in the 

branched model each tumor cell can acquire different mutations and multiple 

subclones can grow out within a tumor43. A branched evolution can result in 

extensive intra-tumor heterogeneity and this can affect clinical outcome of 

targeted therapy45-46. Intra-tumor heterogeneity has been shown in different 

cancer types including NSCLC47-48, clear cell renal carcinoma49 and pancreatic 

cancer50. Genomic analysis using multiple samples of a patient and analysis at 

single cell level can improve our understanding about this complex disease and 

help to further optimize treatment strategies. 

 

Targeted therapy in lung cancer 

Utilizing WGS and/or WES provided detailed information about genomic 

aberrations in lung cancer and this approach has led to identification of potential 

new targets for therapy36, 51. These NGS developments were introduced at the 

same time frame as the development of novel chemical compounds that can 

target proteins derived from oncogenic driver mutations. New technologies 

enhanced generation of structurally adapted compounds to optimally inhibit 

specific target kinase receptors52-53. Discovery of EGFR mutations and their 
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1 

predictive value on tumor response to targeted TKI treatment in lung cancer 

patients is a revolution in so called “personalized therapy”, i.e. specific drugs 

targeting these drivers of lung cancer (targeted therapy)54. Despite prolonged 

survival of lung cancer patients with these targeted drugs, tumor cells develop 

resistance. This indicates the need for novel targeted drugs to treat patients with 

resistant tumors55. This resistance might occur due to intra-tumor heterogeneity 

and emergence of resistant minor subpopulations via selective pressure applied 

by treatment46. 

Several promising phase I and II studies are currently being executed that will 

improve treatment results of lung cancer patients. One can envisage that more 

driver mutations will be detected in tumor cells and that new or combinations of 

drugs will enhance treatment outcome in the future56-58. Of course, toxicity and 

induced resistance may still limit their efficiency. Currently there is a growing 

number of targeted treatments available for NSCLC patients in clinical setting 

such as gefitinib, erlotinib and afatinib for activating EGFR mutations, rociletinib 

and AZD9291 for resistant EGFR T790M mutations, crizotinib, ceritinib, brigatinib 

and alectinib for EML4-ALK fusion proteins and combination of dabrafenib and 

trametinib for BRAF mutations.  

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 



Chapter 1 

18 

Scope of the study 

The aim of this thesis is to investigate genetic changes in lung cancer and to 

link these changes to tumor evolution and resistance to targeted treatment. In 

chapter 2, we present an overview of known and novel mutated genes in NSCLC, 

and provide an overview of clinically available targeted therapies including 

known resistance mechanisms. In chapter 3, we examined the association 

between presence and type of EGFR and KRAS mutations in NSCLC patients with 

and without COPD. In chapter 4, we applied a combination of NGS techniques 

such as WES and single cell-WGS on normal, tumor and multiple metastases 

samples from five lung cancer patients to explore clonal evolution of tumor cells 

and tumor heterogeneity in different subtypes of metastatic lung cancer. In 

chapter 5A, we performed a pilot RNA-sequencing study to optimize the 

approach to distinguish between true fusion genes and false positives. In chapter 

5B, we performed RNA-seq on frozen resistant tumor samples of three patients 

with a known EML4-ALK translocation, who progressed on crizotinib. The goal 

was to identify new fusion transcripts that may play a role in ALK-TKI resistance. 

At the end, we summarize the main findings and discuss future perspectives 

(chapter 6). 
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Abstract 
 

Lung cancer is the main cause of cancer-related death worldwide and 

conventional treatment strategies must be improved. In addition to mutations in 

several well-known cancer-associated genes, recent advances in sequencing 

technology have led to the discovery of numerous novel gene mutations and 

translocations. Some of these genomic aberrations occur at similar frequencies in 

all lung cancer subtypes, whereas others appear to be specific for 

adenocarcinoma or squamous cell lung cancer. High frequency mutations or 

recurrent translocations support involvement of the affected genes in the 

pathogenesis of lung cancer. The presence of activating aberrations is indicative 

for putative driver genes that might be essential for tumor cell growth and 

survival. These driver genes are potential targets for developing new treatments 

for lung cancer patients. Indeed, multiple tyrosine kinase inhibitors (TKIs) are 

currently used to treat lung cancer patients based on the presence of activating 

mutations, and novel drugs are under investigation. Patients benefit for about 

one year from current targeted treatments, but progression of disease inevitably 

occurs and resistance of the tumor to the TKI used can be observed in re-biopsied 

tumor samples. The aim of this review is to provide an overview of mutated 

genes in non-small cell lung cancer, an overview of targeted treatment strategies 

that are currently applied, and the known resistance mechanisms.  
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2 

Lung cancer  

Lung cancer is the leading cause of cancer-related deaths worldwide, with 

over 228,000 new cases and more than 159,000 deaths reported in 2013 in the 

United States1-2. Overall, the 5-year survival rate is about 16% and late diagnosis 

is significantly associated with poor prognosis1. Lung cancer can be divided into 

two main subtypes based on histology: small cell lung cancer (SCLC) and non-

small cell lung cancer (NSCLC). Approximately 85% of lung cancer patients are 

diagnosed with NSCLC3, which can be further subdivided into three main groups, 

i.e. adenocarcinoma (AC), squamous cell carcinoma (SQCC), and large cell 

carcinoma4. The AC subtype used to be more frequent in women and non-

smokers, but nowadays it is more frequent than other histological subtypes in 

both men and women3. The diagnosis of lung cancer is made by 

histology/cytology of a tumor detected by imaging techniques such as computed 

tomography (CT) and positron emission tomography (PET)5. Treatment of lung 

cancer patients depends primarily on the performance status, stage of the 

disease, the presence of oligometastases and on histological type6. Surgery is the 

primary treatment for patients with stage I or II NSCLC7, although adjuvant 

chemotherapy is advised by many guidelines to increase survival of the patients. 

In non-resectable, stage III NSCLC disease, chemoradiation is the preferred 

treatment8. Nowadays, treatment of lung cancer patients with advanced disease 

is guided by mutation analysis in the case of a documented tumor-driver 

mutation. The number of different tyrosine kinase inhibitors (TKIs) available for 

the treatment of non-small cell lung cancer patients is rapidly increasing due to 

new diagnostic developments.  

In this review we give a brief overview of genes mutated in lung cancer, 

followed by a more in depth overview on potential therapeutic targets identified 

by next generation sequencing (NGS) technology. We also provide an overview of 

current targeted treatment approaches and the known resistance mechanisms. 

 

Mutational landscape of lung cancer 

Lung cancer, like other malignant neoplasms, is a result of an accumulation 

of different genetic alternations during life9. The TP53 gene, originally described 

in 197910, it is an important tumor suppressor gene that is mutated in 

approximately 45% of NSCLC patients11. In 1982, a human gene with transforming 

activity was identified in a lung carcinoma cell line. This gene is homologous to 

the Kirsten Rat Sarcoma virus12 and was referred to as KRAS. Mutations in KRAS 
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are mostly found in codons 12, 13, and 61. They occur more frequently in 

patients with AC (5-40%) than in other subtypes of lung cancer, and are 

associated with smoking behavior9.  

Developments in sequencing technologies in recent years and the need to 

identify novel therapeutic targets have encouraged scientists to sequence large 

numbers of lung cancer samples. Entire gene families like protein kinases13-14 or a 

combination of genes known to be mutated in lung cancer and other cancer 

types15 have been analyzed. Analysis of 518 protein kinases in 33 primary lung 

tumors and cell lines revealed 188 somatic mutations in 141 genes, including 

genes known to have a role in lung tumorigenesis. For 21 genes, mutations were 

found in more than two samples. Seven of these genes had mutations in the 

kinase domain, including BRAF, MAP2K4 and FGFR2. In addition, activating 

mutations were identified in FGFR1 and EPHA5 and inactivating mutations in 

ATM13. Analysis of 623 genes in 188 lung AC specimens by Ding et al 2008 

revealed 26 frequently mutated genes, including well-known cancer related 

genes such as TP53, RB1, EGFR and KRAS15. In addition, they also identified 

mutations in oncogenes such as ERBB4 (HER4), ERBB2 (HER2) and in multiple 

ephrin receptors (EPHAs). Altogether they observed a significant excess of 

mutations and copy number changes in genes involved in the mTOR, MAPK, Wnt, 

and the p53 signaling pathways15. Mutation analysis of the coding regions of 

more than 1,500 genes of 134 primary lung tumors revealed that 18 and 19 genes 

were mutated at a frequency significantly above the background mutation rate in 

AC and SQCC, respectively. Five of these genes including TP53, KRAS, KEAP1, 

MUC16, and BAI3 were shared between AC and SQCC. Differences in the set of 

mutated genes for various subtypes suggest that different mechanisms are 

involved in tumorigenesis16. Targeted sequencing of 145 cancer-related genes in 

24 NSCLC biopsy samples, by Lipson and colleagues in 2012, revealed recurrent 

mutations in 21 genes, including well-known lung cancer genes together with 

mutations in druggable lung cancer genes such as BRAF and EGFR17.  

Together, these initial targeted and high throughput approaches indicated 

several targets, such as EGFR, KRAS, BRAF and EML4-ALK, that are nowadays 

treated with selected targeted drugs in the clinic. Although only a small 

proportion of all NSCLC patients (approximately 7%) will profit from these 

treatments (patients with complete and partial response), several tens of 

thousands of patients can still benefit worldwide because about 25% of patients 

with the subtype histology AC are suitable for studies with targeted therapies.  
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Potential therapeutic targets identified by next generation sequencing 

Whole genome and exome sequencing (WGS and WES, respectively) have 

enabled researchers to dig even deeper into the mutational landscape of 

different cancer subtypes. These developments led to increased output of 

sequencing studies18.  NGS gives us the opportunity to generate large amount of 

sequencing data within limited time period in a more cost effective way 

compared to conventional sequencing. Although, NGS is being improved every 

day, still we need to be careful in data interpretation and mutation calling. For 

instance, artifacts that can occur during sample preparation, amplification bias 

and DNA polymerase error should be always taken into account while working 

with NGS data19.  

A comprehensive overview of mutation frequencies per gene for all types of 

cancer is given in the COSMIC database 

(http://cancer.sanger.ac.uk/cancergenome/projects/cosmic/). For lung cancer, 

the top-20 most commonly mutated genes are shown in Figure 1.  
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Figure 1. A schematic representation of the top-20 mutated genes in lung cancer overall and in the 

three main subtypes based on the COSMIC database (July 2014). In this database, mutation 

frequencies were calculated using a weighted average mutation frequency based on sample size 

across all studies. See the COSMIC website for more information 

(http://cancer.sanger.ac.uk/cancergenome/projects/cosmic/). Black bars: Nonsense and indel 

frameshifts; white bars: missense, synonymous, in-frame ins/del, complex and other mutations. 

Bold genes: These are among the top-20 genes in at least 2 out of 3 subtypes. 

 

The first studies on lung cancer using massively parallel sequencing have 

been performed on either cell lines or single primary tumors20-22. A complete 

genomic analysis of a single NSCLC primary tumor revealed more than 50,000 

somatic variations, including new mutations in genes known to be mutated at a 

high frequency in lung cancer, such as NF120. Mutation analysis using WGS on a 

lung AC and a liver metastasis of the same patient resulted in the detection of a 

KIF5B-RET fusion gene23 similar to a previous report17. As KIF5B-RET is quite 

common, it might have an important functional role in the pathogenesis of lung 

cancer. 
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Liu and colleagues (2012) performed WES on a cohort of 31 primary non-

small cell lung cancer (NSCLC) tumors and showed somatic mutations in several 

known lung cancer genes, including some of the targetable ones such as EGFR 

and ERBB2 (HER2). Moreover, mutations were identified in DCC and MML3, 

which are targets for treatment in colon cancer and leukemia, respectively. 

CSMD3 mutations were detected in 19% of the patients; notably, this gene was 

the second most frequently mutated gene in their cohort after TP5324.  

WGS in a panel of 17 NSCLC primary tumors revealed nine commonly 

mutated genes, including several known lung cancer genes and three novel lung 

cancer genes such as DACH1, a tumor suppressor gene in prostate cancer and 

gliomas, and two fusion genes: EML4-ALK and KDELR2-ROS125. They also detected 

mutations in JAK2 similar to a previous report using a targeted approach17. JAK2 

inhibitors are used to treat patients with myelofibrosis26. 

One of the largest studies to date performed WES on 178 lung SQCC samples 

and identified over 48,000 non-silent mutations27. As expected, TP53 was the 

most commonly mutated gene with a frequency of 81%. Inactivating mutations in 

CDKN2A, KEAP1, CUL3, NOTCH1 and NOTCH2 were identified, as well as 

activating mutations in and amplification of NFE2L2, a key component of the 

oxidative stress response pathway27. Activation of the NFE2L2-KEAP1 signaling 

pathway through mutations in NFE2L2 is a characteristic of pediatric liver tumors 

as well28. The Cancer Genome Atlas (TCGA) Network also found SOX2 and TP63 to 

be activated via amplification. These two genes are important components of the 

squamous cell differentiation pathway. They identified three tyrosine kinase 

families which are potentially targetable, including ERBB, FGFR and JAK, all of 

which were mutated and/or amplified27.  

In a study29 of 183 lung AC samples, 25 genes were significantly mutated, of 

which 19 had been reported previously and six were novel genes in lung AC, 

including CHEK2 and BRD3. In this study the authors also found inactivating 

mutations in STK11, PTEN, RB1, SETD2 and CDKN2A29 and CTNNB1 was found to 

be mutated in 3% of the patients. This gene is highly mutated (70%) in liver 

cancer patients and it is a component of WNT-CTNNB1 pathway28-29.  

A study30 on a large cohort of Korean patients (n = 104) with SQCC showed a 

good overlap with sequencing data previously published by TCGA Network27, but 

also reported some marked differences. CDKN2A mutations were less common in 

Korean patients, while mutations in RB1 were significantly more frequent. 

Interestingly, they found activating mutations in PIK3CA, which is one of the 
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therapeutic targets of the PI3K/AKT/mTOR pathway. In one of the Korean lung 

cancer samples, an FGFR3-TACC3 fusion transcript was detected30. FGFR3 has 

been reported as a potential therapeutic target in glioblastoma and bladder 

cancer31-32. 

Together, these next generation studies have made significant contributions 

to the identification of genes that are of interest as novel targets for therapy. To 

select the most promising target, it is essential to reveal the impact of the 

mutations and to discriminate between activating driver mutations and non-

driver or inactivating mutations. In summary, next generation and targeted 

sequencing indicate that genes such as ERBB2 (HER2), ERBB4, JAK2, RET, ROS1, 

DCC, MLL3 might be good candidates for targeted treatment in lung cancer 

patients. In addition, inhibitors of the MEK kinase could be tested in tumors with 

NF1 mutations. More importantly, PIK3CA seems to be a suitable candidate, 

together with FGFR3 and NFE2L2, for treatment of patients with SQCC. At the 

moment, inhibitors for RET and ROS1 fusions are in preclinical and clinical trials 

and ROS1 inhibitors might also be effective on patients with activating ROS1 

mutations.  

 

Targeted therapies currently in use 

Specific aberrations in genes or pathways can lead to increased protein 

levels, and/or pre-active protein kinases that stimulate tumor cell growth. These 

aberrations can be targeted with small molecules such as TKIs (administered 

orally) and/or with monoclonal antibodies that are administered intravenously. 

At the moment, more clinical targets have been discovered in AC than in SQCC. 

Commonly used therapies in lung AC target the tyrosine kinase part of EGFR, 

HER2, VEGFR and ALK proteins33. In addition, a number of novel drugs against 

KRAS (AC/SQCC), BRAF (AC/SQCC), ROS1 (AC), RET (AC), FGFR1 (SQCC), PIK3CA 

(AC/SQCC) and DDR2 (SQCC) are being evaluated in clinical trials or soon will be34. 

The known target genes, the kinase inhibitors used, and clinical outcomes in non-

SQCC clinical trials phase III are summarized in Table 1. No phase III study has 

been performed in SQCC yet. Therefore, we only focus on non-SQCC. Frequencies 

of hotspot mutations, fusion genes and possible resistance mechanisms are 

summarized in Tables 2 and 3. 
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EGFR inhibitors 

TKIs, such as erlotinib, gefitinib, and afatinib, are currently registered for 

treatment of EGFR mutant non-SQCC patients. Patients with activating EGFR 

mutations, such as exon 19 insertions/deletions, and nonsynonymous mutations 

such as G719X in exon 18, or L858R and L861Q in exon 21, are sensitive to 

erlotinib and gefitinib, with a tumor response of about 75%. Patients with such 

mutations show an increased progression-free survival (PFS) after targeted 

treatment compared to treatment with chemotherapy35. This effect was 

observed in both first and second line treatment. Hazard ratios for progression-

free survival varied between 0.43 and 0.34. Most pivotal studies of first-line 

EGFR-TKI were limited to lung cancer patients carrying EGFR exon 19 deletions or 

L858R point mutations. Only patients with EGFR exon 19 deletions showed an 

overall survival benefit with afatinib. 

The effect of EGFR-TKI in patients with rare EGFR mutations has not been 

defined but seems less striking36. A meta-analysis revealed a significant 

association between increased EGFR copy number and improved survival 

outcome37. In NSCLC, EGFR mutation screening is the best method to predict 

tumor response to TKIs compared to fluorescence in situ hybridization (FISH) and 

immunohistochemistry38. In almost 25% of patients tumor growth is enhanced 

when EGFR treatment is ended, indicating that the tumor remains at least partly 

dependent on the EGFR signaling39. 

 

Mechanisms of resistance to EGFR inhibitors 

After 9 to 12 months of treatment with an EGFR-TKI, the tumor appears to 

become resistant due to a spectrum of mechanisms. In about 50% of cases, an 

originally low-frequency TKI-resistant mutation, the T790M (gatekeeper) 

mutation, can increase to detectable and clinically relevant frequencies upon 

treatment with a TKI. In addition, amplification of MET or HER2, mutations in 

PKI3CA or BRAF, activation of the AXL kinase, and transformation to small cell 

lung cancer are the most prominently induced resistance mechanisms to TKI 

treatment34, 40. These last two mechanisms have been proven in cell lines, 

xenografts or tumors of patients, and can therefore be considered as truly 

causative in relation to the resistance41-43. Some authors propose that new 

mutations developing in EGFR (like the T790M gatekeeper mutation) are 

associated with resistance in patients treated with EGFR-TKI40, but also mutations 

in other genes such as GAS6, VIM, NF-kB, ADAM17 and NOTCH1 have been found 
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in tumors of patients who became resistant to EGFR-TKI43-45. Finally, in studies 

using cell lines, mutations in COL6A1, IGFR1, TGFB or mTOR genes or mutations 

affecting the Hedgehog, p53, Wnt pathways were found to be associated with 

resistance mechanisms43. A true causal relation needs to be proven for these 

mechanisms. 

 

BRAF inhibitors 

BRAF is a serine/threonine kinase that is activated by RAS and signals its 

proliferative actions through MEK kinase. BRAF mutations are more common in 

lung ACs but are observed in less than 1% of NSCLC tumors46. In a study of 697 

lung AC patients, BRAF mutations were present in 18 patients (3%), half were 

V600E (50%), the other most common mutations were G469A (39%) and D594G 

(11%)47. NSCLC patients with the BRAF V600E mutation have a shorter disease-

free survival and overall survival after chemotherapy than patients without such 

mutations. At the moment, vemurafinib and dabrafenib are the two BRAF 

inhibitors that are clinically available. There are two case reports of lung AC 

patients with a V600E mutation who responded to treatment with vemurafinib48-

49. The first, still ongoing, experience with dabrafenib in advanced NSCLC showed 

a tumor response rate of 40%50. Preclinical data suggest that non-V600E-mutated 

BRAF kinases are resistant to vemurafenib. In addition, BRAF mutations may 

predict sensitivity of NSCLC cells to MEK inhibitors51. 

 

Mechanisms of resistance to BRAF inhibitors 

Different resistance mechanisms have been found in preclinical studies. A 

switch of full-length BRAF to aberrant BRAF (p61VE) has been shown in treated 

cell lines becoming resistant to BRAF inhibitors. Another mechanism that has 

been described in cell lines is upregulation of the EGFR protein due to loss of the 

c-Jun feedback loop52. A single lung cancer patient with a BRAF mutation and 

treated with dabrafenib showed a KRAS mutation in a re-biopsy at tumor 

progression. The hypothesis was therefore put forward that the cause of 

resistance was due to a G12D KRAS mutation53. Other mechanisms that have 

been described mostly in melanoma are MAPK-dependent mechanisms, like 

NRAS or CRAF upregulation, BRAF upregulation and MEK mutations. MAPK-

independent mechanisms, like PTEN loss and upregulation of PDGFR-β and IGF-

1R, have also been described54.  
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ALK inhibitors 

EML4-ALK is a fusion gene generated by an inversion of a segment of 

chromosome 2. It was the first targetable fusion onco-kinase identified in 

NSCLC34. It is most often observed in young, light- or never smoking patients, 

occurring equally in males and females55. It can be detected in up to 4% of NSCLC 

patients34 and 3-6% of patients with lung AC56. ALK fusion genes rarely coexist 

with KRAS or EGFR mutations in lung cancer patients57. The EML4-ALK fusion 

protein results in enhanced ALK kinase activity55. Crizotinib was the first 

registered ALK inhibitor used in clinical practice (Table 1). It was originally 

designed for inhibition of the c-MET protein but it turned out to have an 

inhibitory effect on ALK kinase as well58. The overall response rate in a FISH-based 

ALK-positive NSCLC group treated with crizotinib was 65% (95% confidence 

interval [CI]; 58-72) versus 20% (95% CI; 14-26) in the chemotherapy group. In a 

phase III study, the median PFS for crizotinib was 7.7 months. In the 

chemotherapy group PFS was 3.0 months59.  

Ceritinib and alectinib are also two potent second generation ALK-TKIs60 that 

can be used in crizotinib resistant patients61-62. In a phase I clinical trial, Shaw and 

colleagues treated ALK-positive patients with ceritinib. Majority of the patients 

had been pretreated with crizotinib. The overall response rate with ceritinib was 

58% (95% CI; 48-67), median PFS was 7 months in those who received > 400 mg 

daily. Moreover, they observed tumor responses in patients with different ALK 

resistance mutations (L1196M, G1269A and S1206Y) as well as the patients 

without any detectable ALK mutation61. Treatment of an AC patient with alectinib 

(300 mg twice daily) resulted in complete response62. Both drugs are also 

effective for brain metastasis. 

 

Mechanisms of resistance to ALK inhibitors 

ALK-positive patients develop tumor resistance to targeted therapy. This 

resistance can be due to gatekeeper mutations in the kinase domain of the ALK 

gene (L1196M and G1269A), copy number gain of the EML4-ALK fusion gene, and 

mutations in EGFR and KRAS63. Other reported ALK mutations linked to resistance 

are V1135E, L1152R, C1156Y, F1174L, L1198P, G1202R, D1203N, S1206Y, G1269S, 

G1269A and L1318M. Targeted NGS showed an association between the 

development of resistance to crizotinib in two patients and new nonsynonymous 

mutations outside the ALK kinase domain15, 63-65. The observation of different 

nonsynonymous mutations in MET could be important because crizotinib also is a 



Chapter 2 

34 

potent MET inhibitor66. And lastly, mutations in pathways of AXL and the 

development of epithelial-mesenchymal transition (EMT) have been described as 

factors that contribute to ALK-TKI resistance67.  

 
Table 1. Overview of targeted phase III studies in advanced non-SQCC 

Protein/Inhibitors 
Mutation % 

in non-SQCC subtype 
Study 

Progression-free survival 

hazard ratio (95% CI) 

    
EGFR  10%   

erlotinib  EURTAC 
OPTIMAL 

0.37 (0.25-0.54) 
0.16 (0.11-0.26) 

gefitinib  IPASS 
WJOTG3405 

NEJ002 

0.48 (0.36-0.64) 
0.52 (0.38-0.72) 
0.32 (0.24-0.44) 

afatinib  LuxLung 3 
LuxLung 6 

0.58 (0.43-0.78) 
0.28 (0.20-0.39) 

BRAF 3%   
dabrafenib   N/A 
Trametinib   N/A 

vemurafenib   N/A 
ALK 3-6%   

crizotinib  PROFILE 
1007 

0.49 (0.37-0.64) 

alectinib   N/A 
ceritinib   N/A 

ROS1 1%   
crizotinib   N/A 

RET 1%   
vandetanib   N/A 

sunitinib   N/A 
sorafenib   N/A 

No phase III study in SQCC is available. N/A: Not available 

 

ROS1 inhibitors 

In about 1-2% of patients with NSCLC, a translocation of ROS1, which is 

located on chromosomal region 6q22, has been found with different fusion 

partners (SLC34A2, SDC4, CD74, EZR). Preclinical studies and case reports show 

that ROS1 kinase activity is inhibited by crizotinib. ROS1 fusions occur more often 

in younger patients and in the AC subtype68-69. Crizotinib is a potent inhibitor of 

cell growth in cell lines as well as in patients with a ROS1 fusion70. A phase I 

clinical trial by Shaw and colleagues on fifty ROS1-positive patients with AC 

subtype treated with crizotinib showed an overall response rate of 72% (95% CI; 

58-84) and the median PFS of 19.2 months71. Another study with thirty two AC 

patients with ROS rearrangement treated with crizotinib showed an overall 
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response rate of 80% and median PFS was 9.1 months72. No randomized studies 

have been published yet. 

 

Mechanisms of resistance to ROS1 inhibitors 

A G2032R mutation of ROS1 was found in a crizotinib-resistant patient. 

Foretinib (a MET and VEGFR inhibitor) seems to be a potent compound to 

overcome this resistance73. In the search for resistance mechanisms in cell lines, a 

switch in signaling from ROS1 to EGFR was observed, when ROS1 was inhibited by 

crizotinib74. The same study also reported that treatment with an EGFR inhibitor 

in combination with a ROS1 inhibitor was effective in cell lines resistant to ROS1 

inhibitors. In another study, a new mutation, L2155S, was found in a ROS1-

positive NSCLC cell line resistant to crizotinib. Authors also showed that L2155S 

and G2032R mutations can induce resistance to crizotinib in Ba/F3 cells75. 

KRAS/NRAS mutations or KRAS overexpression have been shown as other 

possible resistance mechanisms to crizotinib in HCC78-crizotinib resistant cell 

line76.  

 

RET inhibitors 

A translocation of the rearranged during transfection (RET) gene located at 

chromosome 10 can be identified in about 1% of non-smoking patients with lung 

ACs. KIF5B, CCDC6, TRIM33 and NCOA4 serve as fusion partners77-78. As a result of 

this fusion, the normally low expression level of RET is increased in lung AC 

cells79. Over 12 drugs have been described wit RET inhibitory properties80. Most 

potent were cabozantinib (IC50 4nM), alectinib (IC50 4.8nM) and ponatinib (IC50 

7nM)80-81. Vandetanib, sunitinib, sorafenib and cabozantinib are all multikinase 

inhibitors, and the first three show in vitro activity against RET expressing NIH3T3 

and Ba/F3 cell lines17. It has been shown that alectinib can inhibit cell growth by 

suppressing phosphorylated RET both in cell line and RET-positive mouse 

model81. A case report confirmed the anti-tumor effects of vandetanib in a NSCLC 

patient82. In a phase II clinical trial, cabozantinib was tested on three RET-positive 

patients. Two of the patients showed partial response, while the other one 

remained with stable disease78. 

 

HER2 and cMET inhibitors 

HER2 is mutated (mostly exon 20) in approximately 2% of NSCLC patients84. 

Activating mutations in HER2 will result in activation of downstream signaling 
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pathways (AKT and MEK) leading to cell proliferation and survival85. Blocking 

HER2 in HER2-mutated cell line resulted in cell cycle arrest and cell death86. 

Treatment of sixteen NSCLC patients with different combination of HER2 

inhibitors (showed a median PFS of 5.1 months84. 

 

Table 2. Frequencies of mutation and fusion partners of therapeutic targets in non-SQCC 

Target Mutation Fusion partner Frequency Reference 

EGFR    83
 

Exon 18 G719C/S/A 
other 

 
7% 
4% 

 

Exon 19 E746_A750del  37%  
Exon 20 V769M 

D770G/Y 
T790M 
other 

 

2% 
5% 
2% 
5% 

 

Exon 21 L833F 
A840T 
L858R 
other 

 

5% 
5% 

26% 
2% 

 

BRAF V600E  50% 47
 

 G469A  39%  
 D594G  11%  

ALK  EML4 89% 34
 

  KIF5B 4%  
  KLC1 4%  
  TFG 3%  
  PTPN3 N/A  

ROS1  SLC34A2 40% 69-70
 

  CD74 40%  
  SDC4 20%  
  EZR N/A  

RET  KIF5B 69% 77-78
 

  CCDC6 15%  
  NCOA4 8%  
  TRIM33 N/A  

 

cMET is a tyrosine kinase receptor (TKR) which is coded by MET proto-

oncogene and it is widely expressed by cells with epithelial-endothelial origin87. 

Different mechanisms can lead to aberrant activation of MET such as MET gene 

mutation or amplification and cMET/HGF overxpression88. Preclinical studies 

revealed inhibition of cell growth by crizotinib in MET dependent lung cancer cell 

lines, while tivantinib is independent of MET signaling and results is apoptosis89. A 

phase I clinical trial showed that tivantinib in combination with erlotinib was well 

tolerated in advanced NSCLC patients based on CYP2C19 genotype90. A phase II 
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study showed a median PFS of 3.8 months in erlotinib plus tivantinib group 

compared to erlotinib or tivantinib plus placebo group91. Several clinical trials are 

still ongoing. 

 

 

Table 3. Proposed resistance mechanisms in targetable mutations and translocations in 

non-SQCC 

Protein Resistance mechanisms References 

EGFR AXL/GAS6 axis activation 43
 

 
Small cell transformation 

41-42
 

 
T790M mutation 

40
 

 
KRAS mutation 

40
 

 
MET/HER2 amplification 

40
 

 
Mutations in NF-kB/ADAM17/NOTCH1/VIM  

43-45
 

 
Mutations in COL6A1/ IGFR1/ Hedgehog/ TGFB/ p53/ Wnt/mTOR 
pathways  

40, 43
 

BRAF NRAS/BRAF upregulation 54
 

 
MEK mutation 

54
 

 
PTEN loss 

54
 

 
EGFR upregulation 

52, 54
 

 
IGF-1R upregulation 

54
 

 
PDGFR-β upregulation 

54
 

ALK ALK mutations 15, 63-64
 

 
ALK copy number gain 

63
 

 
KRAS/EGFR mutations  

64
 

 
KIT amplification 

92
 

 
AXL overexpression 

67
 

 
EMT  

67
 

ROS1 ROS1 mutations 73, 75
 

 Signaling switch to EGFR 
74

 
 KRAS/NRAS mutations 

76
 

 KRAS overexpression 
76

 

 

 

Conclusion 

 

Nowadays, more and more somatic mutations and fusion genes are being 

identified using NGS approaches. The affected genes can be considered as 

potential targets for treatment of NSCLC. At the moment, we only have a few 

gene mutations and fusion genes that can be targeted with TKIs, although many 

other specific TKIs are under investigation. A striking and common feature is that 

tumor resistance develops after about one year of targeted treatment. 

Therefore, the search for different resistance mechanisms is important so that 
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treatment regimens can be adapted at an early enough stage. At the moment, 

most resistance mechanisms are described on the basis of their associations with 

newly detected mutations observed at disease progression. We need to put more 

effort into functional studies to discover the role of mutations in new and known 

cancer genes and to define novel therapeutic drivers, which may even be genes 

with mutations at low frequencies. This is important, because even a gene with a 

low mutation frequency can save a considerable number of patients with NSCLC.  

In the future, we need to integrate the NGS results with epigenetic, 

transcriptome, copy number and proteomic analyses. This should preferably be 

done in primary tumors, metastases and the subsequent relapses with 

developing resistance to gain a good insight into the tumor cell evolution and to 

help design strategies to treat lung cancer patients optimally. Moreover, 

complete overviews of the mutational landscape of each patient’s tumor will aid 

providing personalized therapy to patients and allow a timely switch to drugs that 

attack or work round resistance.  

Combination therapies of different targeting drugs that are based on this 

mutational landscape will probably be more effective in prolonging the survival of 

patients and increasing their quality of live. Nowadays, the treatment of cancer 

patients should be based more on their genetic profiles and less on traditional 

organ- or cancer subtype-based strategies. 

Three kinds of lung cancer patient groups may emerge in the future. In the 

first group are younger patients - mainly past, light or non-smokers - with limited 

somatic genomic instabilities that have one or two driver genomic aberration(s) 

that can be targeted with small molecules or combinations of these drugs. In the 

second group, smoking patients with SQCC usually have many somatic genomic 

alterations. These genomic changes might result in many abnormal peptides or 

proteins that can be recognized by the immune system and may induce an 

immune response. These patients will profit from immunotherapy. The third 

group still needs chemotherapy. 
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Abstract 
 

Introduction: Chronic obstructive pulmonary disease (COPD) is associated with 

an increased activation of the epithelial growth factor receptor (EGFR). COPD is 

an independent risk factor for developing non-small cell lung cancer (NSCLC). 

Mutations in EGFR, as well as in the EGFR downstream target KRAS are frequently 

observed in NSCLC. In this study we determined presence of EGFR/KRAS hotspot 

mutations in COPD stratified NSCLC patients.  

Methods: From November 2008 until July 2012 all consecutive NSCLC patients 

subjected to EGFR and KRAS mutation analysis in the diagnostic setting and for 

whom the pulmonary function has been determined at time of NSCLC diagnosis 

were included. Information about age at diagnosis, sex, smoking status, forced 

vital capacity (FVC) and forced expiratory volume in 1 sec (FEV1) was collected. 

COPD was defined according to 2013 GOLD criteria. Chi-Square, student t-test 

and multivariate logistic regression was used to analyze data. 

Results: A total of 325 NSCLC patients were included, 193 with COPD and 132 

without COPD. COPD was not associated with presence of KRAS hotspot 

mutations, while EGFR mutations were significantly higher in non-COPD NSCLC 

patients. Smoking related G>T and G>C transversions were significantly more 

frequent in females (86.2%) than in males (61.5%) (p=0.008). Both female gender 

(HR 2.79; 95% CI: 1.70-4.59; p<0.001) and smoking were associated with KRAS 

mutational status (HR 4.34; 95% CI: 1.21-15.59; p=0.02). EGFR mutations were 

more common in non-COPD NSCLC patient after adjustment of gender and 

smoking. 

Conclusions: Presence of KRAS mutations in NSCLC patients was not associated 

with COPD status, whereas EGFR mutations were significantly more common in 

non-COPD NSCLC patients. 
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Introduction 
 

Chronic obstructive pulmonary disease (COPD) is associated with lung cancer 

after accounting for other respiratory diseases and smoking1-2. Evidence for an 

increased risk of lung cancer in COPD patients was also shown in a meta-

analysis2. About one third of asymptomatic smokers with COPD died of lung 

cancer within a follow-up of 14.5 years3. On the other hand, 50-70% of the lung 

cancer patients have COPD according to results of pulmonary function tests at 

time of diagnosis4. In a more recent large prospective study the association 

between COPD and lung cancer was largely explained by smoking5. The odds ratio 

(OR) for patients diagnosed with COPD to develop lung cancer within a period of 

6 months was 11.4. However, the OR dropped to 6.8 after correction for 

smoking5. This is consistent with the notion that COPD has been recognized as an 

independent risk factor for developing lung cancer6. 

KRAS is involved in regulation of cell proliferation7. Mutations in KRAS are 

mostly found in codons 12, 13, and 61 and result in constitutive activation of the 

protein8. KRAS mutations are observed more frequent in smoking patients with 

adenocarcinoma (5-40%) than in the other subtypes of lung cancer7, 9. One study 

showed less aggressive features, i.e. lower cell proliferation and lower frequency 

of KRAS mutations, in tumor cells of COPD-related adenocarcinoma compared to 

non-COPD group10. However, activation of Kras via the p.G12D mutation in a 

mouse model has been shown to result in a COPD-like airway inflammation11. 

Chronic pulmonary diseases, such as severe asthma and COPD, cause an 

increased activation of the epithelial growth factor receptor (EGFR)12-13. EGFR 

plays a crucial role in wound healing and tissue repair in the lung, especially in 

the bronchial wall. Overexpression of EGFR has been shown in bronchial mucosa 

of non-smoker asthmatic individuals compared to normal controls12. Moreover, 

prolonged activation of EGFR leads to metaplasia14. Exposure of epithelial cells to 

cigarette smoke can induce aberrant phosphorylation and activation of EGFR and 

subsequently mediates development of lung cancer15-16. 

Mutations in the kinase domain also lead to activation of EGFR. These 

activating EGFR mutations are common in non-small cell lung cancer (NSCLC). The 

EGFR mutation frequency is about 10-15% in Caucasians17-18 and has been 

associated with non-smokers19. The L858R in exon 21 and small deletions in exon 

19 are the most commonly observed activating mutations 20. We previously 

showed a significant association between EGFR mutations and clinical outcome21. 
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EGFR mutations result in activation of the EGFR pathway independent of binding 

to its ligand22. In vivo studies in mouse models conditionally expressing either the 

L858R or an exon 19del mutant EGFR allele has proven the role of these 

mutations in initiation and development of lung cancer23. Although several 

studies have shown that mutations in EGFR and KRAS are mutually exclusive24-26, 

there are few reports showing presence of both mutations in a single patient27-28. 

The mutual exclusion might be due to the importance of these two converged 

pathways in cell proliferation and survival29, in which mutations in one of these 

genes is sufficient to induce tumor formation23, 30. 

Smoking is a known risk factor for both COPD and lung cancer31-32. KRAS 

mutations are described as a signature for cigarette smoking33, while EGFR 

mutations occur in fact independent of smoking. We hypothesize that KRAS 

mutations are positively associated with COPD, while activating EGFR mutations 

are negatively associated with COPD in NSCLC patients. To study this hypothesis 

we analyzed NSCLC patients screened for the presence of EGFR and KRAS 

mutations in a diagnostic setting and investigated whether the presence of EGFR 

and KRAS mutations in NSCLC patients was related to COPD. 

 

Materials and Methods 
 

Patients 

Patients with advanced NSCLC and diagnosed between November 2008 and 

July 2012, for whom we had lung function data were selected. Part of the NSCLC 

patients (n=165) have been described previously in a study on EGFR and KRAS 

mutations in relation to clinical outcome21. Patients with NSCLC post lung 

transplantation were excluded from this study. For all patients, data on gender, 

smoking status (including pack year if available), age at diagnosis, stage at 

diagnosis, localization of metastases, start date and (different) lines of treatment 

were collected. Data on lung function was newly collected for all patients 

included in this study. 

 

Pulmonary function testing 

Spirometry was performed with a daily-calibrated pneumotachograph 

(Masterscreen Pneumo, Jaeger, Wurzburg, Germany) according to standardized 

guidelines34. Patients were defined as having COPD if the FEV1/FVC was <0.70 

with fixed bronchial obstruction over time not due to endobronchial tumor 
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obstruction. Staging of COPD was performed according to GOLD criteria35. 

 

Histology and EGFR/KRAS molecular testing 

Tumor samples were obtained either by bronchoscopy, transthoracic lung 

biopsies and/or from pulmonary resections. Histological subtyping was 

performed according to 2004 WHO criteria36. Mutational analysis was performed 

as previously described21. 

 

Statistics 

For normally distributed data we show mean and standard deviation (SD) 

and used a student t-test to determine significant differences. For not normally 

distributed data median and range are given and Chi-Square test is used to 

determine significance. Logistic regression was performed to study whether the 

presence of COPD had any effect on KRAS or EGFR mutational status using sex, 

age, histology, and smoking as covariates. Statistical analysis was performed 

using SPSS version 22.0. Nominal P-values less than 0.05 were considered 

significant. 

 

Results 
 

Patient characteristics and KRAS/EGFR mutations 

A total of 325 NSCLC patients were included. Over 80% had adenocarcinoma, 

174 (53.5%) were male and 151 (46.5%) female. The mean age at time of 

diagnosis was 63.6 (± 10.5 years). One hundred and five patients (32.3%) had a 

KRAS mutation. For 1 out of 105 patients with a KRAS mutation, the type of 

mutation was inconclusive with a positive high resolution melting (HRM) PCR 

result, but with a wild type sequence based on the Sanger sequencing result. For 

one patient with an EGFR mutation, the KRAS mutation status was not available. 

The remaining 219 patients did not have mutations in the KRAS hotspot region. 

Twenty-nine patients (8.9%) had an EGFR mutation. In five patients, the EGFR 

mutational status was not available; four of these patients did have a KRAS 

mutation. The other 291 patients did not have EGFR mutations in the hotspot 

regions. The mean age of the males was higher than the mean age of the females 

(66.3 ±9.8 years vs. 60.5 ±10.5 years; p<0.001). Males showed a significant higher 

number of smoking pack years than females (mean 37.5 ±20.6 years vs. 30.1 

±15.7 years; p=0.015). 
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Patient characteristics in COPD stratified subgroups 

Almost 60% of the NSCLC patients had COPD. Two third of the COPD cases 

were males. The distribution of females was almost equal in COPD and non-COPD 

groups (Table 1). Mean age in the COPD group was higher with 65.6 years (±9.9 

years) compared to the non-COPD group with 60.6 (±10.8 years) (p<0.001). We 

found a significant relationship between smoking and COPD, 62.6% of current or 

past smokers had COPD, while 18.2% of non-smokers had COPD (p<0.001). A 

logistic regression model for COPD using sex, age and smoking as covariates 

revealed significant associations with age (Hazard ratio [HR] 0.95; 95% confidence 

interval [CI]: 0.93-0.97; p<0.001) and smoking (HR 0.11; 95% CI: 0.04-0.34; 

p<0.001), but not with gender (p=0.333).  

 

Table 1: NSCLC patient characteristics according to COPD status 

Characteristic COPD (%) Non-COPD (%) p-value 

Sex 

Female 

Male 

 

77 (51) 

116 (66.7) 

 

74 (49) 

58 (33.3) 

0.004† 

Age at diagnosis, Mean  (±SD) 65.6 (±9.9) 60.6 (±10.8) <0.001* 

Histology 

Adenocarcinoma 

Adeno-squamous  

NSCLC-NOS 

 

154 (59) 

14 (66.7) 

25 (58.1) 

 

107 (41) 

7 (33.3) 

18 (41.9) 

0.777† 

Smoking status
#
 

Current or past smoker 

Non-smoker 

 

184 (62.6) 

4 (18.2) 

 

110 (37.4) 

18 (81.8) 

<0.001† 

FEV1%, Mean (±SD) 72.8 (±18.7) 90.2 (±19.4) - 

FEV1/FVC ratio, Mean (±SD) 0.58 (±0.09) 0.76 (±0.05) - 

KRAS mutation
#
 

Yes 

No 

 

66 (62.9) 

127 (58) 

 

39 (37.1) 

92 (42) 

0.404† 

EGFR mutation
#
 

Yes 

No 

 

9 (31) 

180 (61.9%) 

 

20 (69) 

111 (38.1) 

0.001† 

*T-test; †Chi-square analysis has been used; 
#
Excluding missing data for smoking (n=9), KRAS (n=1) 

and EGFR (n=5) status.  

 
COPD and tumor KRAS/EGFR hotspot mutations  

KRAS mutations occurred more often in females compared to males (65/151 

(43%) versus 40/173, (23%); p<0.001) and also more often in current or past 

smokers (34.5%) than non-smokers (13.6%) (p=0.045) (Table 2). KRAS mutations 
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were not significantly different in the COPD (34.2%) and non-COPD patients 

(29.8%) (Table 1), so the presence of KRAS mutations were independent of COPD. 

Putting the variables (sex, smoking and COPD) in a logistic regression model 

confirmed the significant association between KRAS hotspot mutations with 

female sex (HR 2.79; 95% CI: 1.70-4.59; p<0.001) and smoking (HR 4.34; 95% CI: 

1.21-15.59; p=0.02). 

 

Table 2: NSCLC patient characteristics and EGFR/KRAS mutation* 

Characteristic 
KRAS mutation Pearson 

Chi-Square 

EGFR mutation Pearson 

Chi-Square No (%) Yes (%) No (%) Yes (%) 

Sex 
Female 

Male 

 
86 (57) 

133 (76.9) 

 
65 (43) 

40 (23.1) 

<0.001  
130 (87.8) 
161 (93.6) 

 
18 (12.2) 
11 (6.4) 

0.07 

Smoking status 
Current or past smoker 

Nonsmoker 

 
192 (65.5) 
19 (86.4) 

 
101 (34.5) 

3 (13.6) 

0.045  
270 (93.4) 
12 (54.5) 

 
19 (6.6) 

10 (45.5) 

<0.001 

*Missing data for smoking (n=9), KRAS (n=1) and EGFR (n=5) status. 

 

 

EGFR mutations showed a trend to a higher frequency in females compared 

to males, (p=0.073). Ten out of 22 (45.5%) non-smokers had activating EGFR 

mutations, while only 19 out of 289 (6.5%) of the current or past smokers had an 

EGFR mutation (p<0.001). EGFR mutations were observed more often in the non-

COPD (20/131, i.e. 15.3%) as compared to the COPD group (9/189, i.e. 

4.8%)(p=0.001) (Table 2). Using sex, age, smoking and COPD as covariates in a 

step-down logistic regression model for EGFR mutations, revealed that smoking 

(HR 0.12; 95% CI: 0.04-0.32; p<0.001) and COPD (HR 0.40; 95% CI: 0.17-0.97; 

p=0.04) remained significant.  

 

COPD and type of KRAS/EGFR mutations  

The KRAS G12C was the most common amino acid change in both male and 

female with a frequency of approximately 41%. The G12V and G12D mutations 

were the second most frequent mutations in females and males, with a 

frequency of 20% and 25.6%, respectively (Table 3). Forty three percent of the 

KRAS mutations in the current or past smoker group were G12C mutations, while 

none of the non-smoking patients had this mutation. In addition, G>T and G>C 

transversions in KRAS occurred in 86.2% of the females and in 61.5% of the males 

(p=0.008). The G>A transition was more common in males than in females. COPD 



Chapter 3 

52 

status was not associated with any type of KRAS amino acid changes or 

nucleotide substitutions (Table 4).  

 

Table 3: Distribution of different KRAS amino acid changes in advanced NSCLC patients* 

Characteristic 

KRAS amino acid change Pearson  

Chi-

Square 

p.G12C 

(%) 

p.G12V 

(%) 

p.G12A 

(%) 

p.G12D 

(%) 

Other 

(%) 

Sex 
Female 

Male 

 
27 (41.5) 
16 (41) 

 
13 (20) 
5 (12.8) 

 
7 (10.8) 
2 (5.1) 

 
6 (9.2) 

10 (25.6) 

 
12 (18.8) 
6 (15.4) 

0.2 

Histology 
Adenocarcinoma 

NSCLC NOS 

 
41 (42.7) 

2 (25) 

 
16 (16.7) 

2 (25) 

 
8 (8.3) 
1(12.5) 

 
13 (13.5) 
3 (37.5) 

 
18 (18.8) 

0 

0.26 

Smoking status 
Current or past smoker 

Nonsmoker 

 
43 (43) 

0 

 
17 (17) 
1 (33.3) 

 
7 (7) 

1 (33.3) 

 
15 (15) 
1 (33.3) 

 
18 (18) 

0 

0.24 

COPD 
Yes 
No 

 
27 (40.9) 
16 (42.1) 

 
11 (16.7) 
7 (18.4) 

 
6 (9.1) 
3 (7.9) 

 
11 (16.7) 
5 (13.2) 

 
11 (16.7) 
7 (18.4) 

0.99 

*Missing data for smoking (n=1) status and type of KRAS mutation (n=1); G12C and G12V (G>T), 

G12A (G>C), G12D (G>A). 

 

 
Table 4: Distribution of different KRAS nucleotide changes in advanced NSCLC patients* 

Characteristic 

KRAS transitions & transversions 
Pearson Chi-

Square* 
Transversions 

G>T, G>C (%) 
Transitions G>A (%) Other (%) 

Sex 
Female 

Male 

 
56 (86.2) 
24 (61.5) 

 
7 (10.8) 

14 (35.9) 

 
2 (3.1) 
1 (2.6) 

0.008 

Histology 
Adenocarcinoma 

NSCLC NOS 

 
75 (78.1) 
5 (62.5) 

 
18 (18.8) 
3 (37.5) 

 
3 (3.1) 

0 

0.41 

Smoking 
Current or past smoker 

Nonsmoker 

 
77 (77) 
2 (66.7) 

 
20 (20) 
1 (33.3) 

 
3 (3) 

0 

0.83 

COPD 
Yes 
No 

 
50 (75.8) 
30 (78.9) 

 
14 (21.2) 
7 (18.4) 

 
2 (3) 

1 (2.6) 

0.93 

*Missing data for smoking (n=1) status and type of KRAS mutation (n=1). 

 
Of all EGFR mutation positive cases the percentage of patients with an exon 

19del was not significantly different between females (11/18) and males (5/11). 
In non-smokers, 9 out of 10 EGFR mutation positive cases had an exon 19del 
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(Table 5), whereas in current or past smokers only 7 out of 19 patients with an 
EGFR mutation had an exon 19del.  

 
Table 5: Distribution of different EGFR mutations in advanced NSCLC patients 

Characteristic 
EGFR genomic/amino acid change Pearson Chi-

Square Exon 19del (%)* L858R (%)* Other (%) 

Sex 
Female 

Male 

 
11 (61.1) 
5 (45.5) 

 
4 (22.2) 
3 (27.3) 

 
3 (16.7) 
3 (27.3) 

0.69 

Histology 
Adenocarcinoma 

NSCLC NOS 

 
16 (57.1) 

0 

 
6 (21.4) 
1 (100) 

 
6 (21.4) 

0 

0.2 

Smoking 
Current or past smoker 

Nonsmoker 

 
7 (36.8) 
9 (90) 

 
6 (31.6) 
1 (10) 

 
6 (31.6) 

0 

0.02 

COPD 
Yes 
No 

 
5 (55.6) 
11 (55) 

 
3 (33.3) 
4 (20) 

 
1 (11.1) 
5 (25) 

0.6 

*There are one patients with an additional T790M in each of these groups. 

 
 

Discussion 
 

In contrast to our first hypothesis COPD is not associated with the presence 
of KRAS mutations in lung cancer, whereas presence of EGFR mutations were 
significantly more frequent in non-COPD as compared to COPD lung cancer 
patients, after correcting for sex and smoking, consistent with our second 
hypothesis.  

In our study KRAS mutations were identified in 32% of the NSCLC, which 
mainly included adenocarcinoma patients, and a relationship between presence 
of KRAS hotspot mutations and smoking status was confirmed. Conflicting results 
have been described on the relationship between smoking and the presence of 
KRAS mutations26, 33, 37-38. Differences in findings may be caused by differences in 
selecting study groups, ethnicity, number of patients and number of smokers 
involved. 

We noticed that KRAS mutations were more common in smoking females 
than in smoking males with NSCLC. This suggests an increased susceptibility of 
females to cigarette carcinogens, as they were also younger and lighter smokers 
in our study. This is consistent with a previous study showing that females had 
higher OR for lung cancer at every level of tobacco exposure39. This elevated 
vulnerability to smoking in women may be caused by differences in the 
expression of genes encoding tobacco carcinogen-metabolizing enzymes. For 
instance, higher expression of CYP1A1 and CYP1B1 was observed in normal lung 
tissue of female smokers in comparison to normal lung of male smokers40. In a 
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follow-up study, the same group showed higher expression of CYP1A1 in cell lines 
derived from lung adenocarcinoma of female compared to cell lines derived from 
adenocarcinomas of male patients41. Although we observed the smoking related 
G12C KRAS mutation at the same frequency in both genders, smoking related 
transversions, i.e. G>T and G>C, were significantly more common in females than 
males. In a previous study with a sample size of over 2,500 patients, the c.34G>T; 
p.(G12C) KRAS mutation occurred more frequent in females and current or past 
smokers, while the c.35G>A; p.(G12D) KRAS mutations were more frequent in 
never smokers20. This suggests again that females are more susceptible of 
cigarette smoke related mutations compared to males, as G>T and G>C 
transversions are known to be related to smoking38. 

We showed that EGFR activating mutations were more common in females, 
non-smokers and in non-COPD NSCLC patients. In a recent study, EGFR mutations 
were seen in 12.8% (51/399) of lung cancer patients without COPD compared to 
6.3% (7/111) of patients with COPD42. Suzuki and colleagues identified EGFR 
mutations in 32% (56/177) of the non-COPD and in 8% (4/52) of the COPD NSCLC 
patients 43. The finding that EGFR mutations are more common in non-COPD lung 
cancer patients might reflect the dependence of lung cancer development on 
EGFR activation, which is in COPD patients already achieved by smoking and 
COPD-related oxidative stress13, 16, 44.  

In conclusion, the presence of KRAS mutations was associated with females 
and smoking status, but not with COPD. Activating EGFR mutations was seen 
more often in females and in non-smoking NSCLC patients without COPD.  
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Abstract 
 

Introduction: Several studies showed intra-tumor heterogeneity in lung cancer, 

with multiple clones characterized by their own specific mutational landscape. 

The extent to which minor clones become dominant in distinct metastasis is not 

clear. Aim of our study is to investigate tumor genomic heterogeneity in lung 

cancer in primary and multiple distant metastases. 

Materials and methods: Whole exome sequencing (WES) was performed on DNA 

isolated from total, macro-dissected, or laser micro-dissected tissue sections of 

29 samples of 3 non-small cell lung carcinoma (NSCLC) and 2 small cell lung 

carcinoma (NSCLC) patients using a hybridization-based target enrichment 

protocol. Genome analysis toolkit (GATK) was used to analyze data and the 1000-

Genome database was used to remove single nucleotide polymorphisms. 

Additional personal variants were excluded using z-score. Mutant read 

frequencies were corrected based on the estimated normal cell admixture. 

Validation of a large subset of the somatic mutations was carried out by a PCR-

based target enrichment protocol (NuGEN). Single cell whole genome sequencing 

(WGS) was carried out on the primary tumors and the liver metastasis of one 

SCLC patient. 

Results: Ninety-two to 462 somatic mutations were observed in the five lung 

cancer patients. Approximately, 50% of all detected mutations were predicted to 

be damaging at the protein level. For each of the three NSCLC patients, about half 

of the mutations was shared between all tumor samples, whereas over 95% of 

mutations were shared in the tumor samples of the two SCLC patients. WES-

based copy number variations (CNV) plots showed inter-tumor heterogeneity in 

all the NSCLC patients and in one of the SCLC patients. Single cell WGS-based CNV 

plots of the primary and liver metastasis revealed a much higher intra-tumor 

variation in primary tumor compared to the metastasis. Interestingly, we 

observed a CNV pattern similar to the liver metastasis cells in two out of 83 single 

cells of the primary tumor. 

Conclusion: Patients with advanced NSCLC have a high percentage of non-

ubiquitous mutations. In contrast, SCLC patients showed a limited number of 

non-ubiquitous mutations, but did reveal a high degree of heterogeneity based 

on the single cell WGS-based CNV plots. Moreover, CNV plots of 2 primary tumor 

derived single cells closely resembled the CNV plot of the bulk analysis of the liver 

metastasis. 
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Introduction 
 

Lung cancer is the main cause of cancer related death in the world with 

approximately 1.4 million patients per year1. Two main histological subtypes are 

recognized with approximately 15% of the patients presenting with small cell lung 

carcinoma (SCLC) and 85% with non-small cell lung carcinoma (NSCLC). The latter 

group is further subdivided into three subgroups, i.e. large cell carcinoma, 

squamous cell carcinoma (SQCC) and adenocarcinoma (AC)2-3.  

Recent developments in next generation sequencing (NGS) techniques in 

combination with improved bio-informatics tools have greatly advanced the field 

of tumor genetics. These developments resulted in a better understanding of 

tumor cell evolution; i.e. linear versus non-linear or branched evolution4. In the 

linear model, tumor cells acquire sequential genomic changes (mutations or 

CNVs) over time and the clone that contains most favorable genomic changes will 

become dominant5. The branching evolution model assumes development of 

multiple parallel tumor cell clones that all acquire specific genomic aberrations 

over time. These tumor clones exist independently within the tumor mass4-6.  

A branched evolution has been shown in pancreatic7-8, clear cell renal 

cancer9-10, breast cancer11 and more recently in lung cancer12. A branched 

evolution results in extensive subclonal diversity and intra-tumor heterogeneity. 

In contrast, a linear evolution results in a more homogeneous tumor mass. Linear 

evolution in combination with an incomplete clonal-sweep, i.e. failure of a 

subclone to completely outcompete its ancestral clones, may result in a lower 

degree of intra-tumor heterogeneity13-14.  

The observed evolution pattern might be affected by experimental and 

biological factors such as sampling bias, exposure to carcinogens, drug treatment 

and tumor microenvironment4-5. In addition, the bio-informatics approaches used 

to detect genomic aberrations can affect the observed pattern of evolution in the 

tumor4. Most studies have focused on analysis of bulk material, which limits 

detection of true intra-tumor heterogeneity. Advances in NGS technology now 

allow studying heterogeneity at single cell level without prior whole genome 

amplification steps.  

We studied genomic inter-tumor heterogeneity by whole exome sequencing 

(WES) between different tumor-locations for five lung cancer patients, three with 

NSCLC and two with SCLC. In addition, we assessed CNV intra-tumor 

heterogeneity in two selected tumor samples at the single cell level by low-
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coverage whole genome sequencing (WGS) without performing a prior whole 

genome amplification step. 

 

Materials and Methods 
 

Samples 

Multiple tumor samples of five lung cancer patients with large cell carcinoma 

(n=1), SQCC (n=1), AC (n=1) and SCLC (n=2) were included in this study. Only 

patients with stage IV cancer and metastases in mediastinal lymph nodes and in 

different visceral organs were selected. Tissue samples of normal, primary lung 

tumor and multiple metastatic locations were obtained at autopsy. For patient #1 

we also collected a primary tumor sample at diagnosis. All tissue samples were 

snap frozen. A total of 29 frozen tissue blocks (5 normal and 24 tumor blocks) 

were subjected to whole exome sequencing (WES) (Supplementary Table S1). 

Each patient gave informed consent for this study. All procedures and protocols 

were performed according to the guidelines of the Medical Ethics Committee. 

 

Immunohistochemistry 

HE sections were made for each sample to confirm diagnosis and to 

determine the histological subtype based on the WHO classification. For SCLC 

patients, frozen normal tissue samples were stained with anti-Cytokeratin (clones 

AE1/AE3, Dako, Glostrup, Denmark) and anti-CD56 (Becton Dickinson, New 

Jersey, USA) antibodies using standard protocols to exclude presence of tumor 

cells. Briefly, 3µm frozen sections were fixed in acetone for 10 minutes. Next, 

slides were incubated with primary antibody at room temperature (RT) for 1 hour 

(Dilutions were 1:100 and 1:50 for Cytokeratin and CD56, respectively). After 

blocking of endogenous peroxidase activity, secondary and tertiary antibodies 

were incubated at RT for 30 min and slides were stained with AEC (3-Amino-9-

ethylcarbazole) and hematoxylin staining. 

 

DNA isolation and whole exome sequencing 

For the WES procedure we aimed to isolate DNA from a tissue sample with at 

least 80% tumor cells. For blocks with more than 80% tumor content, we used 

the complete tissue section. In cases where the tumor cell percentage was lower, 

we performed macro-dissection or laser microdissection (LMD6000, Leica, 

Wetzlar, Germany). Genomic DNA was isolated using standard laboratory 
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procedures. Whole exome sequencing (WES) was carried out using standardized 

protocols of the UMCG genome facility as described previously15. Briefly, 0.3-3μg 

genomic DNA was randomly fragmented by ultrasonic nebulization (K7025-05, 

Life Technologies, Paisly, UK). Library preparation was done using Agilent (Agilent 

technologies, Santa Clara, USA) or Mondrian (NuGEN Technologies, San Carlos, 

USA) library prep kits. Fragments of ~300bp were isolated using the PerkinElmer 

labchipXT gel system. PCR products of four independent samples were mixed in 

equimolar pools and enriched for exons using the Agilent SureSelect All exon V5 

kit (Agilent technologies, Santa Clara, USA). Purified samples were subjected to 

paired-end sequencing on the HiSeq2500. Image Files were processed using 

standard Illumina® base calling software and subsequently de-multiplexed 

(Illumina Inc., San Diego, USA). 

Reads were aligned to the human 1000 genomes reference based on the 

GRCh37 build using BWA 5.9rc16. Picard tools were used for format conversion 

and marking duplicate reads. Genome Analysis Toolkit (GATK1) was used for indel 

realignment and base score quality recalibration (BSQR)17 by Molgenis Compute 

418. After using custom scripts in the VCFtools library19 for the VCF files, variant 

calling was done using the GATK unified genotyper. Annotation of the variants 

was performed using snpeff/snpsift 3.520 with the ensembl release 74 gene 

annotations (http://www.ensembl.org/index.html),  dbNSFP2.321, and GATK with 

annotations from the Database of Single Nucleotide Polymorphisms (dbSNP) 

Bethesda (MD): National Center for Biotechnology Information, National Library 

of Medicine (dbSNP Build ID: 137) and CosmicCodingMuts_v6222. For mutations 

with a moderate impact according to SNPEFF, we used the SIFT value to 

discriminate between mutations with a damaging effect, i.e. SIFT score ≤ 0.05, 

and mutations that are unlikely to be damaging, i.e. SIFT > 0.05.  A combination 

of three different filtering steps has been applied on the list of mutations. We 

removed variants that (1) were present in the 1000-Genome23 with allele 

frequency (MRF) larger than 0.2%, (2) map in non-coding regions and (3) were 

synonymous.  

Personal variants were removed based on a z-score ≥ -3 using the formula: 

Z=(allele frequency-0.5)/SD x (SQRT of total reads). The remaining somatic 

variants were included in the downstream analysis.   
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Correction for normal cell admixture 

To correct for admixture of normal cells, we deduced the approximate 

percentage of admixture of normal cells based on the mutant read frequency of 

the true mutations. We based these calculations on the mean mutant read 

frequency (MRF) of the somatic mutations in the 25-75% interquartile range 

assuming that these represent heterozygous mutations for which the mutant 

read frequency should be 0.5 in a sample with 100% tumor cells. The lower and 

higher quartiles are excluded as they might be derived from gene loci that have 

copy number gain or loss or represent homozygous mutations or minor clones. 

The mean value multiplied by 2 was considered as an estimation of the actual 

percentage of tumor cells. For example, a mean MRF of the 25-75% interquartile 

range of 0.4, would correlate with a tumor cell percentage of 80%. For each 

sample, we recalculated the mutant allele frequency by reducing the total 

number of reads with the normal cell admixture percentage while keeping the 

original number of mutant reads.  

 

Calling major and minor clones 

We set specific criteria to call mutations as being present in either a major or 

minor population of the tumor cells based on the mutant allele count and 

frequency after correction for normal cell admixture. Mutations with a mutant 

read count of ≥5 and mutant read frequency ≥20% were denoted as major 

clones. Mutations with mutant read count of 1-4 or a mutant read frequency 

<20% were referred to as minor clones. In case mutations did not have any 

mutant reads and the total read was less than 30, we called them as inconclusive. 

If the mutant read count was zero and the total read was equal or more than 30, 

we called them absent.  

 

Overlap with lung cancer mutated genes from COSMIC and other sources 

The list of genes mutated in the primary tumors (n=1074) was compared 

with the top 20 most commonly mutated genes in lung cancer according to the 

COSMIC database v.73 and to the list of most commonly mutated genes (n=51) of 

four studies on lung cancer including 178 to 230 tumor samples24-27. Overlap of 

genes mutated in these lists and in one of the five primary lung tumors was 

identified by using an online Venn diagram tool 

(http://bioinformatics.psb.ugent.be/webtools/Venn).  
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Validation of somatic mutations 

All non-ubiquitous single nucleotide variants (SNV) were validated using the 

Ovation© target enrichment procedure (NuGEN Technologies, San Carlos, USA). 

We included five ubiquitous mutations for each patient as positive controls. This 

resulted in a selection of 467 SNVs. The 24 tumor DNA samples used for WES, 

were all included in the validation tests. 

Landing-probes were designed by NuGEN at a distance of 10-20 nuclotides 

downstream and upstream of each SNV to be validated. In a few cases two 

variants were to close together to be able to design separate landing-probes. For 

459 of the variants two landing-probes could be designed. Five variants were 

targeted by only one landing-probe. For three variants no landing-probes could 

be designed. Validation could be performed for 464 somatic mutations. Target 

enrichment and library preparation was done according to the manufacturer’s 

protocol (NuGEN Technologies, San Carlos, USA). Briefly, genomic DNA was 

fragmented, end repaired and ligated with forward barcoded adaptors, which 

was followed by a beads purification step. Samples were combined for multiplex 

target enrichment. The reverse adaptor was annealed to the target regions and 

extended. Library amplification step was done using 22-25 PCR cycles depending 

on the quality of DNA pools as determined by qPCR; followed by beads 

purification and sequencing.  

After initial quality check, only targets with ≥30x coverage for all samples of a 

patient were included for further analysis. As the mutant allele frequencies were 

not corrected for the percentage of tumor cells, only mutations with a mutant 

read frequency ≥0.05 were considered as being present. 

 

WES-based Copy number variant analysis 

Pseudo probe data were generated with VarScan2 and Samtools as described 

previously28-29. Briefly, for each sample the pseudo probe derived GC-normalized 

log2 copy number ratios were generated by dividing the read counts of the tumor 

sample with the read counts of the corresponding normal sample. All alignments 

with a mapping quality greater than 40 in combination with a minimal segment 

size of 2kb and a maximal segment size of 5kb with a mean coverage of at least 

one were used to calculate the log2 ratios. 

CNV plots of the metastasis were compared to the CNV plot of the primary 

tumor of the same patient by a combination of calculated ratios and visual 

inspection. Samples with more than 50% admixture of normal cells were 
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excluded from this analysis due to limited resolution. Regions with differences in 

CNV between metastasis and primary tumor were coupled to gene loci with 

somatic mutations. We determined whether metastases-specific mutations fall 

within regions that are specifically lost or gained in the respective tumor sample 

compared to the primary tumor sample. 

 

Single cell whole genome sequencing, CNV and heterogeneity score 

Three 30 m thick sections were cut from fresh-frozen primary lung tumor 

and liver metastasis tissue of patient #4. Sections were incubated in nuclear 

isolation medium [10mM Tris-Cl (pH8), 320mM sucrose, 5mM CaCl2, 3mM 

Mg(Ac)2, 0.1mM EDTA, 1mM dithiothreitol (DTT)] and nuclei were gently pushed 

out of the tissue pieces through a filter using a syringe plunger. After 

centrifugation, nuclei were resuspended into PBS containing 2% BSA and the 

DNA-binding dye DAPI (10 g/ml) for assessment of DNA content. Single G1 

phase nuclei were sorted based on low DAPI fluorescence using a MoFlo Astrios 

Cell Sorter (Beckman Coulter) into 96-well skirted PCR plates containing 5 l 

freeze medium [Pro-Freeze CDM Freeze Medium (Lonza) containing 15% DMSO]. 

Ninety-two single nuclei were sorted in a 96-well plate. In two of the wells 10 

nuclei were sorted as positive control and two wells without nuclei served as 

negative control. 

Library preparation was performed as previously described30 with some 

minor modifications. Bst 2.0 warm start polymerase was used for A-tailing and 

the Hoechst/UV treatment after adapter ligation was omitted to obtain whole 

genome sequencing libraries. Adapter-ligated DNA fragments were subjected to 

17 cycles of PCR during which barcodes were added to facilitate pooled 

sequencing. All pipetting steps were performed using the Bravo Automated 

Liquid Handling Platform (Agilent technologies, Santa Clara, USA) allowing smaller 

enzymatic reaction volumes and automation of reaction clean-ups using AMPure 

XP magnetic beads (Agencourt AMPure, Beckman Coulter, Brea, California, USA).  

Barcoded single cell WGS libraries were pooled and 200-400bp size range 

fragments were purified using a 2% E-Gel Agarose Gel (Invitrogen, Carlsbad, USA). 

DNA quality and quantity was assessed using a High Sensitivity dsDNA kit (Agilent 

technologies, Santa Clara, USA) and a Qubit dsDNA HS assay kit (Life 

technologies, Carlsbad, USA). For sequencing, clusters were generated on the 

cBot (HiSeq2500) and single-end 50bp reads were generated using the HiSeq2500 

sequencing platform (Illumina, San Diego, USA).  
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Demultiplexed fastq files were aligned to the human reference genome 

assembly (GRCh37) using Bowtie231 with default settings. The resulting bam files 

were sorted and filtered for duplicates and low-quality alignments (q<10) using 

Samtools29. To assess CNV state, a custom pipeline was developed using a Hidden 

Markov Model (HMM) with six copy number states: null-, mono-, di-, tri-, tetra- 

and multisomy. Read counts in 500kb windows were used as observable for the 

HMM and their distribution was modeled by a delta distribution for the nullsomy-

state and by negative binomial distributions for the other states. Means and 

variances of the negative binomial distributions for state di- to multisomy were 

fixed to multiples of the mean and variance of the monosomy-state. Parameter 

estimates were obtained using the Baum-Welch algorithm. The final CNV calls 

were determined as the state with highest posterior probability for each 500kb 

window. 

The heterogeneity score was calculated as follows: first, a table of CNV states 

was calculated along all single-cells for each bin in the genome. Next, the table 

was sorted by frequency, followed by multiplying each value by an arbitrarily 

factor set to integer values ≥0. Then, all the values were added up and averaged 

over all the bins were divided by the number of cells. 

 

Intra- and inter-tumor heterogeneity definition 

Heterogeneity within one specific location has been referred to as “intra-

tumor heterogeneity” and heterogeneity between different tumor locations 

within a single patient has been referred to as “inter-tumor heterogeneity”. 

 

Results 
 

Patient characteristics 

Four of the five lung cancer patients (#1, 2, 4 and 5) were smokers and had 

COPD. Patient #3 had advanced adenocarcinoma of the lung and never smoked 

(Supplementary Table S1). Patient #1 with large cell carcinoma had the longest 

interval between diagnosis and death, i.e. more than six years, whereas patient 5 

with SCLC had the shortest interval from diagnosis to death, i.e. only six days 

(Figure 1). Treatments after diagnosis were cisplatin and gemcitabine in the 

patients with SQCC (#2), cisplatin and etoposide for both patients with SCLC (#4 

and 5) and no treatment for the poorly differentiated large cell (#1) and AC 
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patient (#3). Multiple samples of the primary tumor and different metastatic sites 

were obtained from each patient at autopsy (Supplementary Table S1).  

 

 
Figure 1: Schematic representation of the survival of the five lung cancer patients. Patient #1 was 

diagnosed with a poorly differentiated large cell carcinoma. The life span between first diagnosis 

and death was over 6 years. Patient #2 was diagnosed with squamous cell lung carcinoma. Patient 

#3 was diagnosed with an adenocarcinoma with an interval between diagnosis and death of only 25 

days. Patient #4 and #5 were diagnosed as small cell lung carcinoma and died within a few days 

after diagnosis. 

 

Mutation detection and validation 

Whole exome sequencing resulted in a mean coverage ranging from 43x to 

89x and a >20x coverage ranging from 83% to 96% of the target region 

(Supplementary Table S2). Based on a z-score of >-3, 31-34% of the variants were 

considered as possible personal variants in patients 1, 2, 4 and 5. In patient 3, 

74% of the identified variants were denoted as personal variants (Supplementary 

Table S3). This high number of personal variants is probably due to the South 

Asiatic origin of this patient in combination with the bias in the 1000-Genome 
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database towards Caucasians. The number of somatic mutations ranged from 92 

in patient #3 to 462 in patient #1 (Supplementary Table S2).  

The mean of interquartile mutant read frequencies ranged from 49 (SD=0.05) 

to 18 (SD=0.02) indicating admixture of normal cells ranged from 2% to 64% 

(Supplementary Table S2 and Supplementary Figure S1). To allow a reliable 

comparison of shared and sample-specific somatic mutations, we corrected the 

mutant read frequency for the estimated admixture of normal cells. In total, we 

found 1511 unique somatic mutations in the five patients, 187 (12.4%) had a high 

impact and 573 (37.9%) had a SIFT score ≤ 0.05 indicating a probable damaging 

effect. In addition, 669 (44.3%) mutations were predicted as tolerated by SIFT 

(score > 0.05), while SIFT did not yield any prediction for the remaining 82 (5.4%) 

somatic mutations (Supplementary Table S2). None of the genes were mutated in 

primary tumors of all five patients. Seven genes, including TP53, ANK2 and RP1L1, 

were mutated in 3 out of 5 primary tumors and 68 genes were mutated in the 

primary tumor of two patients. 

Comparison of the genes mutated in at least one of the five primary tumors 

to the top 20 most commonly mutated genes in lung cancer present in the 

COSMIC database revealed that 11 out of 20 including TP53, KRAS, RB1, and ALK 

were mutated in one or more of the five primary tumor samples in this study 

(Supplementary Table S4). Twelve out of 51 genes indicated to be related to lung 

cancer according to four large studies24-27 were mutated in at least one of the five 

primary tumor samples. EGFR and LRP1B mutations were non-ubiquitously with 

read frequencies as a minor and a major clone, respectively in the primary tumor 

of patient #1. The missense mutation in EGFR was in exon 2 and not located in 

the kinase domain. LRP1B was also mutated in both SCLC patients (#4 and #5).  

The other 10 genes were mutated ubiquitously and as major clones 

(Supplementary Table S5).  

All non-ubiquitous point mutations were selected for targeted re-sequencing 

to confirm the mutation pattern (Supplementary Table S3). Validation results 

have been summarized in Supplementary Table S6. Overall, 99% ±2.7 of the 

major clone mutations were validated as being present, including the set of 

ubiquitous mutations that were included as positive control Moreover, almost all 

inconclusive and absent mutations were validated as being truly absent in the 

corresponding samples. In contrast, only 28.3% ±25.4 of the minor clones were 

detected by the targeted re-sequencing approach. Supplementary Figure S2 gives 
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a schematic representation of the validation results in the tumor samples of 

patient #1. 

 

Inter-tumor heterogeneity  

NSCLC show a higher frequency of non-ubiquitous mutation as compared 

to SCLC 

A schematic representation of the ubiquitous and non-ubiquitous mutations 

detected by WES is given in Figure 2. We found 462 mutations in 430 genes in 

patient #1 with large cell carcinoma (Figure 2A). 237 (51.3%) of these mutations 

were ubiquitous, 67 (14.5%) were specific for the primary tumor and 129 (27.9%) 

were specific for the metastases. The remaining 29 (6.3%) mutations were shared 

between the primary and one of the two metastases (Figure 2A). The tumor 

samples of patient #2 with SQCC contained a total of 331 somatic mutations in 

300 genes (Figure 2B). More than half of these mutations (55%) were ubiquitous 

and 23 (7%) of the mutations were specific for the primary tumor. One hundred 

and three (31%) of the mutations were metastases specific. The remaining 23 

(7%) of the mutations were shared between primary tumor and at least one of 

the metastasis. The AC patient (#3) showed 92 mutations in 91 genes, of which 

49 (53.3%) were present in all samples (Figure 2C). No primary tumor-specific 

mutations were observed in this patient. Thirty-one (33.7%) mutations were 

metastases specific, while 12 (13%) mutations were shared between primary 

tumor and at least one of the metastasis.  

In SCLC patient #4, we identified 359 mutations in 345 genes (Figure 2D). 341 

(95%) of the somatic mutations were present in all tumor samples. In addition, 

we found 4 mutations to be specific for the primary tumor. In the metastasis, we 

found 4 mutations to be specific for the mediastinal lymph node, only one 

mutation for liver and one for the adrenal gland. In SCLC patient #5, we identified 

271 mutations in 249 genes (Figure 2E). 259 (95.6%) of the somatic mutations 

were present in all tumor samples. No primary specific mutations were identified 

in this patient. Four mutations were metastases-specific and other eight 

mutations were shared between the primary sample and at least one of the 

metastases.  
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Figure 2: Mutation pattern in of the five lung cancer patients. A) Patient #1 (Large cell); B) Patient 
#2 (Squamous cell carcinoma); C) Patient #3 (Adenocarcinoma); D) Patient #4 (Small cell 
carcinoma); E) Patient #5 (Small cell carcinoma). Red: Major clone; Yellow: Minor clone; Blue: 
Inconclusive. White: Absent. Mutation impact: Purple: “damaging” mutations based on ENPEFF, 
mostly nonsense and frameshift mutations; Dark green: Damaging mutations based on SIFT; Light 
green: “tolerated” mutations based on SIFT; Gray: There is no SIFT score for these mutations. 
Numbers in brackets indicate number of mutations in that sample. F) Percentages of metastases 
specific somatic mutations in each patient. There is a significant difference between SCLC and 
NSCLC (Unpaired t-test, p<0.0001). G) Percentage of ubiquitous mutations per patient. NSCLC have 
significantly less ubiquitous mutations as compared to SCLC patients (unpaired t-test, p < 0.0001). 

 

The percentage of metastasis-specific mutations was high in the majority of 

individual metastases in the three NSCLC patients and very low in the metastasis 

of the SCLC patients. The percentages of metastasis-specific mutations were 

significantly higher in NSCLC as compared to SCLC (p<0.0001) (Figure 2F) 
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indicating more inter-tumor heterogeneity in NSCLC. Consistent with these 

findings, we showed a higher percentage of ubiquitous mutations in SCLC as 

compared to NSCLC (p<0.0001) (Figure 2G).  

 

CNVs show inter-tumor heterogeneity in both NSCLC and SCLC 

We observed a broad spectrum of CNVs in the primary tumors and 

metastases of all 5 patients (Supplementary Figure S3). For patient #1, we 

observed additional CNVs in the metastasis as compared to the primary tumor 

for fragments of several chromosomes. In patient #2, there was an apparent shift 

from a near-diploid to a near-triploid genome in all three metastatic samples in 

comparison to the primary tumor. The only chromosomal segment with an 

identical copy number (N=1) for in all samples, including the primary tumor, was 

a 19Mb region at 4q31.3-34. In patient #3, chromosomes 1, 2, 5, 6, 7, 16, 19, 21 

and X showed additional CNVs in at least one of the metastases as compared to 

the primary tumor. Representative CNV plots of primary and vertebra metastasis 

of patient #3 are shown in Figure 3A. 

SCLC patient #4 showed copy number differences of parts of chromosomes 

7, 8, 11, 16, 18 and 22 in at least one of the metastases as compared to the 

primary tumor (Figure 3B). Patient #5 showed no differences between primary 

and metastatic samples.  
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Figure 3: Comparison of CNV plots of the primary tumor of patients #3 and #4 and a selected 
metastasis of each patient. A) Primary tumor and vertebra metastasis of the patient with lung AC 
(#3). Main differences were observed in chromosomes 1, 2, 5, 16 and 19. B) Primary tumor and 
vertebra metastasis of one SCLC patient (#4). Main differences between two samples were 
observed in chromosomes 7, 8, 11, 16, 18 and 22. Red circles indicate the chromosomal regions 
that show CNV differences between two tumor samples of patient #3 and #4. 

 

Comparison of the location of the metastasis-specific mutations revealed no 

specific enrichment at chromosomal regions that show copy number differences 

between metastasis and primary tumor samples. This indicates that the copy 

number changes are not driven by metastasis-specific SNVs. 

 

Intra-tumor heterogeneity in SCLC patient #4 

Single cell WGS of the primary tumor and the liver metastasis of patient #4 

revealed good quality data for 83 and 88 cells, respectively. Bulk analysis of the 

pooled CNV plots of the primary tumor and the liver metastasis perfectly 
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resembled the CNV plots generated from WES data (Supplementary Figure S4 

and S5). CNV differences observed between primary and liver metastasis based 

on single cell WGS were similar to the CNV differences identified based on WES-

derived CNV plots. The heterogeneity score of the primary tumor was much 

higher as compared to the heterogeneity score of the liver metastasis, i.e. 0.26 

and 0.07 respectively (Figure 4). 

 

 
Figure 4: Clustering of all good quality single cell CNV plots from the primary lung and liver 

metastasis of patient #4. A) Clustering of 83 single cells sequenced from primary lung tumor. Intra-

tumor heterogeneity can be observed specifically for segments of chromosome 3, 7, 8, 10, 13, 17. 

18, 19, 20 and X. B) Clustering of 88 single cells sequenced from primary liver metastasis of the 

same patient. Intra-tumor heterogeneity can especially be seen for segments of chromosomes 3, 7, 

8, 10, 11, 18, 22 and X. Overall, the level of intra-tumor heterogeneity is higher in the primary as 

compared to the liver metastasis (Score 0.26 vs. 0.07, respectively). Each row represents the CNV 

plot of a single cell, chromosome numbers are indicated below the graphs. Gray: Nullsomy; Purple: 

Monosomy; Green: Disomy; Red: Trisomy; Yellow: Tetrasomy; Blue: Multisomy; Het. score: 

Heterogeneity score. 

 

Comparison of the CNV plots of each single cell of the primary tumor to the 

pooled CNV plot of the liver metastasis revealed a pattern that was highly similar 

to the CNV plot of the liver metastasis cells in 2 out of the 83 single cells. These 

two single cells had gain of part of chromosome 11 and 16, and loss of part of 

chromosome 11, 18 and 22 (Figure 5). This shows that the primary tumor 

contained cells that based on the CNV plots resembles the clone that gave rise to 



Tumor heterogeneity in lung cancer 

 

75 

4 

the liver metastasis. The complete CNV plots of the two single cells are shown in 

Supplementary Figure S6. 

 

 
Figure 5: Comparison of the single cell WGS based CNV data of two primary lung single cells to the 

bulk liver metastasis for 4 chromosomes. CNV plots of these 4 chromosomes show that the primary 

tumor derived single cells highly resemble the bulk liver metastasis. Gray: Nullsomy; Purple: 

Monosomy; Green: Disomy; Red: Trisomy; Yellow: Tetrasomy; Blue: Multisomy. 

 

Discussion 
 

The aim of this study was to explore tumor heterogeneity by comparing the 

mutation and copy number variation patterns of tumors obtained from different 

locations within a patient. We observed significantly more inter-tumor 

heterogeneity in NSCLC compared to SCLC patients based on the mutation 

patterns. Single cell CNV analysis using a direct low-coverage WGS approach 

revealed a high degree of intra-tumor heterogeneity in the primary SLCL tumor. 

Two out of 86 cells had a CNV pattern similar to the CNV pattern observed in the 

liver metastasis.  
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About 50% of the somatic mutations in the three NSCLC patients are non-

ubiquitous, which indicates a marked degree of inter-tumor heterogeneity. This 

indicates ongoing evolution of tumor cells over time. Presence of tumor location-

specific mutations has been shown previously in pancreatic cancer7-8. Subclones 

seeding distant metastasis were already present in the primary pancreatic tumor. 

Based on the number of mutations, an average time-frame of about two decades 

was estimated from initiation of tumorigenesis to development of distant 

metastasis8. The high percentage of non-ubiquitous mutations as observed in the 

three NSCLC patients implies a similar pattern. In addition, this implies that the 

ubiquitous mutations may not be sufficient for development of metastasis. Thus, 

NSCLC tumor cells need time to acquire additional genomic aberrations enabling 

them to migrate and survive in a new environment. Multiregional genomic 

analysis of 73 primary lung tumor samples of 18 NSCLC patients revealed a 

branched evolution with a high degree of intra-tumor heterogeneity and 

coexistence of several subclones within the primary tumor12, 32. The distinct 

mutation patterns as observed in our study in metastases of NSCLC patients 

might thus reflect the presence of different subclones in the primary tumor. 

These clones might have been escaped detection due to sampling bias or due to 

analysis of a bulk tumor sample. In addition, metastasis specific mutations might 

have been acquired at the site of the metastasis. Patient #1 and #2 had several 

primary tumor-specific mutations. For patient #1, this might be explained by the 

6-year interval between obtaining the primary tumor sample at diagnosis and the 

metastatic tumor samples at autopsy. The metastases may have been derived 

from a relapse subclone who shared the same ancestor with the primary tumor 

at time of diagnosis. Another explanation for the primary-specific mutations in 

these two patients can be that the metastasis has been derived from a (minor) 

subclone, which was not located in the biopsy we analyzed from the primary 

tumor. Overall, our study suggests a branched model of evolution in NSCLC.  

In SCLC, almost all mutations were ubiquitous indicating a homogenous 

nature of the tumor mass at different anatomical locations within a patient. This 

may be indicative of the short time interval between tumor formation and the 

parallel development of multiple distant metastases. This is consistent with the 

aggressive nature of this histological lung cancer subtype. The highly similar 

mutation profile of the primary as compared to the metastasis suggests that one 

dominant clone is responsible for both tumor initiation and in parallel the 

development of the metastasis. Single cell WGS based CNV plots of one of the 
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primary SCLC patients showed, however, a heterogeneous pattern in the primary 

tumor. This heterogeneity was not detectable by the mutation pattern as the vast 

majority of the mutations were ubiquitous. In the liver metastasis the 

heterogeneity score was lower as compared to the primary tumor. The difference 

in heterogeneity between the WES and single cell WGS data indicates that the 

experimental approach is an important factor that can affect the final conclusion. 

We observed a high number of CNVs in the primary tumors of all five 

patients consistent with previous studies33-35. We now showed a marked degree 

of inter-tumor heterogeneity with additional CNVs in metastasis of all three 

NSCLC patients and in one of the SCLC patients. Patient #2 showed gain of the 

entire genome in the metastasis probably due to cell division defects or 

pathological cytokinesis. This should be regarded as a single event that took place 

in the tumor cell that founded the metastatic cell populations. The inter-tumor 

heterogeneity as based on the CNV and mutational patterns are consistently high 

in patients #1, #3 and consistently low in patient #5. 

Inter-tumor heterogeneity as observed in the three NSCLC patients might 

have therapeutic implications for treatment of patients, as driver mutations 

found as major clones in one part of the tumor might be present as minor clones 

or even completely absent in another part of the tumor12. However, results of a 

study on AC lung patients suggested that one single biopsy would be sufficient for 

clinical evaluation32. These opposing conclusions might be related to differences 

in read depth that might or might not allow detection of minor clones. However, 

there is ample evidence showing presence of resistant or metastatic ancestor 

subclones within the primary tumor7-8, 36-39. This emphasizes the importance of 

studying a representative part of the tumor. Our findings underscore the 

importance of sample collection and indicate that analysis of a single biopsy 

might not be representative of all subclones in the primary tumor. This may have 

consequences for the diagnostic mutation tests for targeted therapy choices, 

which are currently being performed on a single biopsy. So, as an alternative 

approach, multiple samples from different geographical regions in the primary 

tumor could be subjected to diagnostic testing.  

A high degree of tumor heterogeneity will increase the chance of resistant 

clones being already present. Moreover, a high degree of heterogeneity may be 

indicative of an increased mutation rate within the tumor cells and thus an 

increased chance of developing drug resistance and implicates the need of 

applying high depth diagnostic sequencing tests. 
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More recent improvements in NGS technologies 40-41 on analysis of 

circulating tumor cells, cell free DNA or platelet derived RNA might allow 

monitoring of tumor load. As these sources to obtain tumor cell DNA or RNA are 

minimally-invasive it will be feasible to follow treatment responses. Depending 

on the applied technique, it will also be possible to identify acquired genomic 

changes indicative of development of resistance and this might guide early 

adaption of treatment strategy.  

In conclusion, higher numbers of non-ubiquitous mutations in NSCLC 

indicates presence of many different subclones and ongoing evolution. Despite 

the low degree of heterogeneity at the mutational level starting with bulk 

material, we did show a high degree of heterogeneity at the single cell in SCLC 

patients. In addition, CNV plots of 2 of the primary tumor cells closely resembled 

the CNV plot of the bulk liver metastasis. In the future, characterization of 

multiple regions in the primary tumor, followed by monitoring of tumor cell 

subclones during treatment may be an option to improve treatment planning in a 

clinical setting. 
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Supplementary information 
 

Supplementary Table S1: Patient information and number of samples analyzed for each 

patient. 

Pat. Sex Age Subtype COPD Smoking PY 
Normal 
(WES) 

Primary 
(WES) 

Metastases 
(WES) 

#1 Male 71 Large cell 
Yes 

(GOLD2) 
Yes 30 1X 1X 

Lymph node 
(1x) 
Adrenal gland 
(1x) 

#2 Male 69 SQCC 
Yes 

(GOLD1) 
Yes >100 1X 1X 

Liver (1x) 
Spleen (1x) 
Heart (1x) 

#3 Female 51 Adeno No No 0 1X 1X 

Liver (1x) 
Lymph nodes 
(2x) 
Ovary (1x) 
Vertebra (1x) 
Jejunum (1x) 

#4 Female 79 SCLC Yes Yes >50 1X 1X 

Liver (1x) 
Lymph node 
(1x) 
Adrenal gland 
(1x) 

#5 Female 58 SCLC Yes Yes 40 1X 1X 
Liver (1x) 
Lymph nodes 
(4x) 

SQCC: squamous cell lung carcinoma, Adeno: adenocarcinoma, SCLC: small cell lung carcinoma, PY: 

pack year. 
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Supplementary Table S2a: Overview of coverage and number of mutations of WES in 

patient #1. 

 Patient #1: 462 mutation in 430 genes 

 Normal Primary lung Lymph node Adrenal gland 

Total reads (x10
6
) 103 150 107 119 

Mean coverage
a
 73 87.2 64.5 52 

20x coverage
b
 96% 94% 93% 91% 

# mutations - 333 357 346 

# mutated genes - 311 332 325 

SNPEFF_IMPACT     

High - 43 42 42 

Moderate - 290 315 304 

SIFT scores for “moderate”     

≤0.05 - 128 133 131 

>0.05 - 147 161 154 

not available - 15 21 19 

25-75% interquartile
c
     

Mean - 0.45 0.23 0.26 

SD - 0.09 0.05 0.05 

a
of all baits; 

b
fraction of target covered by; 

c
25-75% interquartile range of MRF as measure for 

normal cell admixture. 
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Supplementary Table S2b: Overview of coverage and number of mutations of WES in 

patient #2. 

 Patient #2: 331 mutations in 300 genes 

 Normal Primary lung Liver Spleen Heart 

Total reads (x10
6
) 184 134 103 147 134 

Mean coverage
a
 89.7 71 53.1 78.6 70.2 

20x coverage
b
 98% 92% 85% 92% 91% 

# mutations - 228 256 265 257 

# mutated genes - 208 234 243 234 

SNPEFF_IMPACT      

High - 32 38 38 34 

Moderate - 196 218 227 223 

SIFT scores for “moderate”      

≤0.05 - 87 99 101 106 

>0.05 - 102 107 113 107 

not available - 7 12 13 10 

25-75% interquartile
c
      

Mean - 0.39 0.38 0.37 0.38 

SD - 0.04 0.07 0.09 0.08 

a
of all baits; 

b
fraction of target covered by; 

c
25-75% interquartile range of MRF as measure for 

normal cell admixture. 
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Supplementary Table S2c: Overview of coverage and number of mutations of WES in 

patient #3. 

 Patient #3: 92 mutations in 91 genes 

 Normal 
Primary 

lung 
Liver 

Mediastinal 

lymph 

Supraclavicular 

lymph 
Ovary Vertebra Jejunum 

Total reads (x106) 196 190 104 95 207 201 93 84 

Mean coverage
a
 69 78.8 72.2 43.3 66.8 68.4 66.1 62.8 

20x coverage
b
 95% 96% 94% 90% 96% 95% 94% 92% 

# mutations - 61 72 69 69 65 58 73 

# mutated genes - 60 71 68 68 64 57 72 

SNPEFF_IMPACT         

High - 8 11 12 10 8 8 11 

Moderate - 53 61 57 59 57 50 62 

SIFT scores for “moderate”         

≤0.05 - 19 24 23 23 21 17 22 

>0.05 - 31 33 31 33 32 30 36 

not available - 3 4 3 3 4 3 4 

25-75% interquartilec         

Mean - 0.28 0.18 0.25 0.24 0.27 0.27 0.22 

SD - 0.06 0.02 0.05 0.04 0.07 0.05 0.03 

a
of all baits; 

b
fraction of target covered by; 

c
25-75% interquartile range of MRF as measure for 

normal cell admixture. 
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Supplementary Table S2d: Overview of coverage and number of mutations of WES in 

patient #4. 

 

Patient #4: 359 mutations in 345 genes 

Normal 
Primary 

lung 
Liver 

Mediastinal 

lymph  

Adrenal 

gland 

Total reads (x10
6
) 110 105 97 77 104 

Mean coverage
a
 59.1 67.3 67.4 46.6 58.3 

20x coverage
b
 95% 90% 90% 83% 90% 

# mutations - 348 348 351 349 

# mutated genes - 335 335 338 336 

SNPEFF_IMPACT      

High - 41 40 41 41 

Moderate - 307 308 310 308 

SIFT scores for “moderate”      

≤0.05 - 126 128 131 128 

>0.05 - 155 154 154 154 

not available - 26 26 25 26 

25-75% interquartile
c
      

Mean - 0.49 0.48 0.49 0.47 

SD - 0.05 0.04 0.05 0.05 

a
of all baits; 

b
fraction of target covered by; 

c
25-75% interquartile range of MRF as measure for 

normal cell admixture. 
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Supplementary Table S2e: Overview of coverage and number of mutations of WES in 

patient #5. 

 Patient #5: 271 mutations in 249 genes 

 Normal 
Primary 

lung 
Liver 

Mediastinal 

lymph 

Paratracheal 

lymph 

Lymph 

near 

trachea 

Lymph 

near 

pancreas 

Total reads (x106) 107 110 75 90 112 104 98 

Mean coverage
a
 67.1 61.1 51.4 63.4 65.5 72.8 51.3 

20x coverage
b
 96% 92% 86% 91% 92% 92% 86% 

# mutations
 - 267 265 269 265 270 265 

# mutated genes - 245 243 247 243 248 245 

SNPEFF_IMPACT        

High - 35 34 35 33 35 33 

Moderate - 232 231 234 232 235 232 

SIFT scores for “moderate”        

≤0.05 - 110 109 112 111 111 111 

>0.05 - 109 109 110 109 111 108 

not available - 13 13 12 12 13 13 

25-75% interquartilec        

Mean - 0.46 0.44 0.46 0.40 0.44 0.47 

SD - 0.05 0.05 0.05 0.04 0.04 0.05 

a
of all baits; 

b
fraction of target covered by; 

c
25-75% interquartile range of MRF as 

measure for normal cell admixture. 
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Supplementary Table S3: Overview of the SNVs before and after applying z-score, and 

the number of mutations selected for validation.  

Patient No. of SNVs before 
applying z-score 

No. of SNVs after 
applying z-score 

No. selected  
for validation  

No. with ≥30x coverage 
in validation  

#1 692 462 (67%) 226 204 

#2 477 331 (69%) 151 140 

#3 353 92 (26%) 47 43 

#4 545 359 (66%) 23 21 

#5 410 271 (66%) 17 13 
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Supplementary Table S6: Validated mutations based on their classification as major, 

minor, inconclusive or absent per sample.  

Patient Samples 
Major (%) 

*N=403 

Minor (%) 

*N=146 

Inconclusive (%) 

*N=139 

Absent (%) 

*N=331 

#1 

Primary 74/74 (100) 4/9 (44.4) 3/3 (100) 118/118 (100) 

Lymph node 87/89 (97.8) 4/24 (16.7) 43/43 (100) 48/48 (100) 

Adrenal gland 92/93 (98.9) 6/13 (46.2) 54/54 (100) 44/44 (100) 

#2 

Primary 36/37 (97.3) 0/10 (0) 14/15 (93.3) 78/78 (100) 

Liver 60/60 (100) 2/13 (15.4) 15/15 (100) 52/52 (100) 

Spleen 39/42 (92.9) 27/40 (67.5) 4/4 (100) 54/54 (100) 

Heart 58/58 (100) 3/15 (20) 21/21 (100) 46/46 (100) 

#3 

Primary 12/12 (100) 0/4 (0) 5/5 (100) 22/22 (100) 

Liver 20/20 (100) 2/6 (33.3) 9/9 (100) 8/8 (100) 

Mediastinal lymph 18/18 (100) 2/4 (50) 15/15 (100) 6/6 (100) 

Supraclavicular lymph 17/17 (100) 0/4 (0) 8/8 (100) 14/14 (100) 

Ovary 12/12 (100) 0/7 (0) 7/7 (100) 17/17 (100) 

Vertebra 12/12 (100) 0/1 (0) 11/11 (100) 19/19 (100) 

Jejunum 22/22 (100) 2/4 (50) 10/10 (100) 7/7 (100) 

#4 

Primary 7/7 (100) 1/3 (33.3) 2/2 (100) 7/9 (77.78) 

Liver 7/7 (100) 2/5 (40) 2/2 (100) 7/7 (100) 

Mediastinal lymph 9/9 (100) 3/5 (60) 2/2 (100) 5/5 (100) 

Adrenal 6/6 (100) 3/6 (50) 1/1 (100) 8/8 (100) 

#5 

Primary 9/9 (100) 0/1 (0) ** 3/3 (100) 

Liver 8/8 (100) 0/1 (0) 1/1 (100) 3/3 (100) 

Mediastinal lymph 8/9 (88.9) 0/2 (0) ** 2/2 (100) 

Paratracheal lymph 8/8 (100) ** 1/1 (100) 4/4 (100) 

Lymph near trachea 9/9 (100) 3/4 (75) ** ** 

 Lymph near pancreas 8/8 (100) 1/2 (50) ** 3/3 (100) 

Mean (±SD) 
 

99% ±2.7 28.3% ±25.4 99.7% ±1.5 99% ±4.6 

*Number of unique mutations in each category. **No mutation in this category selected for 

validation. 
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Supplementary Figure S1: Mutant read frequency (MRF) for somatic mutations in three samples 
with different percentages of tumor cells.  The mean and standard deviation (SD) of the 25-75% 
interquartile range of MRF is indicated. A) The primary lung tumor of patient 4 contains 98% of 
tumor cells. B) The primary lung tumor of patient 2 contains 78% tumor cells C) The lymph node 
metastasis of patient #1 contains 46% tumor cells. 
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Supplementary Figure S2: Validation of the mutations in all tumor samples of patient #1 based by 
NuGen targeted re-sequencing. A) Validation in primary lung tumor showed that 100% of major 
clones were truly present, while only 44% of the minor mutations were present. Inconclusive and 
absent mutation are truly absent. B) Validation in lymph node metastasis confirmed presence of 
approximately 98% of major clones and 17% of minor clones. C) Validation in adrenal gland 
metastasis revealed that almost 99% and 46% of the major and minor clones, respectively were 
truly present. Horizontal dashed line in upper part of each graph indicates mutant read frequency 
(MRF) of 0.05. TR: Total read (Coverage) Purple: different categories of mutations based on WES; 
Red: MRF based on validation results (NuGen); Green: Total number of reads for each mutation. 
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Supplementary Figure S3: CNV plots for the tumors of all five patients show many structural 

variations. Only samples with tumor content ≥ 50% are included. A) CNV plots from patient #1 

shows several differences between primary and metastasis almost in all the chromosomes. B) CNV 

plots of patient #2 shows genome wide copy number gain from diploid in the primary to triploid in 

all three metastases. C) CNV plots of patient #3 shows differences between primary tumor and at 

least of the metastasis in chromosomes 1, 2, 5, 6, 7, 16, 19, 21 and X. D) CNV plots of patient #4 

revealed differences of parts of chromosomes 7, 11, 16, 18 and 22 in at least one of the metastases 

with comparison to the primary tumor. E) CNV plots of patient #5 shows no difference between 

primary tumor and different metastases sample.  
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Supplementary Figure S4: CNV plots of bulk primary tumor and liver metastasis generated from 

single cell WGS. Gray: Nullsomy; Purple: Monosomy; Green: Disomy; Red: Trisomy; Yellow: 

Tetrasomy; Blue: Multisomy. 
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Supplementary Figure S5: Comparison of bulk CNV plots generated by single cell WGS in primary 

lung tumor of patient #4 to the WES based CNV plots. Main differences between primary tumor and 

liver metastasis have been marked by red circles in CNV plots generated from WES data. These 

differences were also observed in the bulk CNV plots generated from single cell WGS data. Gray: 

Nullsomy; Purple: Monosomy; Green: Disomy; Red: Trisomy; Yellow: Tetrasomy; Blue: Multisomy. 
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Supplementary Figure S6: CNV plots of the two primary tumor derived single cells that resemble 

the liver metastasis pattern. CNV plots have been generated from single cell WGS data. Gray: 

Nullsomy; Purple: Monosomy; Green: Disomy; Red: Trisomy; Yellow: Tetrasomy; Blue: Multisomy. 
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Abstract 

 

Introduction: Fusion genes can be formed as the result of chromosomal 

translocations, deletions or inversions. Recent developments in sequencing 

techniques and bioinformatics analysis enable researchers to identify and 

validate novel fusion genes using paired-end RNA sequencing on primary tumor 

material. The aim of this pilot study is to improve selection of predicted of high 

confidence fusion genes for follow-up studies 

Materials and methods: RNA was isolated from a frozen lung tumor biopsy of a 

patient with an adenocarcinoma and subjected to paired-end RNA sequencing. 

Reads were mapped to the reference genome (hg19) and potential fusion genes 

were called using a fusion prediction tool (deFuse). After applying different 

filtering steps and manual inspection of the reads using the IGV and the UCSC 

browser, selected high confidence fusion genes were validated by RT-PCR. 

Results: Eighty-five potential fusion genes were called by deFuse. Of these, 18 

had a probability of ≥0.95 and 67 had probability <0.95. A further selection of the 

18 potentially fusion genes was achieved by excluding predicted fusion genes 

that were likely to be the result of read-through transcripts of adjacent genes 

(n=7). Manual inspection of the remaining 11 candidates resulted in a further 

exclusion of 2 predicted fusion genes, based on lack of split reads and mapping to 

an intergenic region, respectively. Three of the 9 remaining fusion genes involved 

the same two genes, i.e. SCNN1A and TNFRSF1A, but with different breakpoints. 

Four fusion genes contained a predicted open reading frame (ORF) and were 

validated by RT-PCR. RT-PCR validation of SCNN1A and TNFRSF1A using a primer 

set flanking the three breakpoint regions did yield the expected bands in the 

tumor sample, but also revealed PCR products in a normal control sample. These 

predicted fusion genes could have been excluded by an additional filtering step, 

i.e. removal of fusion genes located in expressed sequence tag (EST) enriched 

regions. The other three predicted fusion genes did yield the expected bands in 

the tumor samples and were validated by Sanger sequencing. No PCR products 

were observed in the normal control sample. This indicated that these three 

predictions most likely present true gene fusions. 

Conclusion: The application and validation of the deFuse fusion gene detection 

software in a lung cancer specimen is improved by inspection of the resulting 

fusions for read-through variants, ESTs and spanning reads. 
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Introduction 
 

Fusion genes are the result of genomic rearrangements that occur due to 

incorrect DNA repair caused by errors in the DNA repair machinery1-2. A number 

of fusion gene products have been shown to be causally involved in a variety of 

diseases such as hematological malignancies and childhood sarcomas2-3. Fusion 

genes were detected mainly in leukemia and sarcoma, and appeared to be less 

common in solid tumors, such as lung cancer. The Philadelphia chromosome was 

the first identified translocation and is a classical example of a specific gene 

fusion, i.e. BCR-ABL1, in a human neoplasia4. It was discovered in chronic 

myelogenous leukemia (CML) and plays an important role in tumor cell survival 

through inhibition of apoptosis4-5.  

In B-cell lymphoma, many characteristic chromosomal translocations have 

been identified, but unlike leukemia and sarcoma, these translocations do not 

result in fusion genes. Instead these B-cell lymphoma-specific translocations 

result in overexpression of the target gene due to juxtaposition of the gene to a 

genomic region that contains strong enhancers, such as the immunoglobulin 

heavy and light gene enhancers. An example is the chromosomal translocation in 

Burkitt lymphoma, which places the MYC proto-oncogene under control of the 

immunoglobulin (Ig) heavy or light chain gene enhancers2, 6. The MYC 

translocation results in transcriptional activation of the MYC oncogene by Ig 

regulatory elements2.  

In solid tumors, the presence of fusion genes remained undetected until 

recently. EML4-ALK was the first fusion gene to be discovered in non-small cell 

lung cancer7 with a prevalence of around 3-6%8. Recurrent fusion genes may 

represent potential treatment targets as the tumor cells are often dependent on 

signaling cascades activated by the fusion products for growth and survival9. This 

dependency is referred to as “oncogene addiction”10. These driver genes are 

often kinases and they represent novel therapeutic targets for the treatment of 

lung cancer. Targeted treatment is already available for several of these fusion 

products. An example is crizotinib for EML4-ALK in NSCLC patients11. In phase I 

and II clinical trials12-13, lung cancer patients harboring ROS1 and RET 

translocations showed good responses to crizotinib and cabozantinib, 

respectively. 

Developments in sequencing technologies have created high throughput 

approaches to identify a variety of genomic aberrations in high throughput 
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approaches14-16. Transcriptome sequencing allows quantification of gene 

expression, identification of splice variants, identification of 5’ and 3’ ends of 

transcripts, detection of novel transcripts and discovery of novel fusion 

products17-18. Comprehensive genome and transcriptome sequencing in 

combination with the development of new algorithms has resulted in the 

identification of several novel fusion genes19-20.  

We used deFuse, a computational algorithm for discovery of fusion 

transcripts on paired-end whole transcriptome sequencing data. Information 

from split reads (reads that cover the fusion boundary) and discordant reads 

(mate pair reads that map to two distinct genomic regions) are used for 

prediction of fusion transcripts. DeFuse generates multiple confidence measures 

to estimate the probability of the predicted fusions and predicts the presence of 

an ORF in the fusion products9. The aim of this chapter is to explore the 

significance and relevance of the criteria generated by deFuse to select true gene 

fusions and potentially identify novel fusion genes in a lung cancer sample.  

 

Materials and Methods 
 

Patient 
 A Fresh frozen tissue sample was obtained from a lung adenocarcinoma patient. A 

normal lung tissue sample was used as a negative control for validation by RT-PCR. 

Written informed consent was obtained from the patient. 

 

RNA isolation 

Total RNA was isolated using TRIzol following the standard protocol provided 

by the manufacturer (Life technologies, Carlsbad, USA). The concentration of the 

RNA samples was measured on a NanoDrop (Thermo Fisher Scientific Inc., 

Waltham, USA). 

 

Transcriptome sequencing and fusion detection 

The truSeq RNA kit (Illumina, San Diego, USA) was used to prepare the library 

for paired-end RNA sequencing starting with 500ng of RNA. Paired-end reads of 

100nt were produced on the Hiseq2500 (Illumina, San Diego, USA). Reads were 

mapped to the reference genome using deFuse (v.0.6.1) to predict fusion 

transcripts9. DeFuse aligns the reads through an automated process which 

incorporates SAMtools21, bowtie22, BLAT23 and GMAP24. 
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Filtering steps 

DeFuse can generate several confidence measures such as number of split 

and spanning reads, EST island adjusted percent identity score, genome adjusted 

percent identity score, split-span p-value, a probability score and some other 

confidence scores. These scores can be used to identify the most likely fusion 

gene candidates. Besides these criteria included within the deFuse output file, 

the split read sequence identified by deFuse can be checked manually using a 

custom track on IGV. Moreover, correct mapping of the sequence of the 

predicted fusion candidates has been confirmed using the University of California 

Santa Cruz (UCSC) genome browser.  

Based on the initial evaluation of different confidence scores, the optimised 

filtering steps applied included: probability score ≥0.95; not being derived 

from read-through products according to deFuse; reliable split and spanning 

reads using a custom track on IGV25; not  originating from intergenic regions or 

read-through transcripts according to the mapping of the fusion gene sequence 

to the UCSC genome browser. 

 

Validation of the fusion products by RT-PCR 

cDNA was synthesized with Superscript II reverse transcriptase and random 

primers according to the manufacturer’s protocol using 500ng of total RNA 

(Invitrogen, Carlsbad, USA). PCR was performed using 10ng cDNA as input in a 

final volume of 30µl containing 1x PCR buffer, 0.2µl Tag DNA polymerase 

(5unit/μl), MgCl2 (final concentration 1.5mM) (Invitrogen, Carlsbad, USA) and 

500nM primers designed using Clone Manager Suite (Sci-Ed Software, Morrisville, 

USA) (Table 1). Amplification was for 35 cycles using a thermocycler (Bio-Rad, 

Hercules, USA). PCR products were analyzed on a 1% agarose gel. Gel pictures 

were captured using Gel Doc XR+ System (Bio-Rad, Hercules, USA). PCR products 

were purified using Zymoclean™ Gel DNA Recovery Kit (Zymo research, Irvine, 

USA) and sequenced at LGC Genomics (Berlin, Germany). TOPO® TA Cloning® Kit 

(Invitrogen, Carlsbad, USA) was used to clone the SLC10A7-TTC29 fusion product 

according to the manufacturer’s protocol. Five independent colonies with the 

appropriate insert size were sent for Sanger sequencing (LGC Genomics, Berlin, 

Germany). 
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Table 1: RT-PCR primer sets for validation of 4 gene fusions with a predicted ORF. 

Name Primer sequence 
Annealing 

(°C) 
Expected product size 

(bp) 
Transcript Ensembl ID 

RAB35-E1-F 5’-CTTCAAGCTGCTCATCATCG-3’ 
55 468 

ENST00000538903 

ATP2A2-E8-R 5’-TGAACCGGGTCATTGAAGTG-3’ ENST00000308664 

STAB2-E17-F 5’-CATGGCCAACCAGCTCATAC-3’ 
55 443 

ENST00000388887 

NUAK1-E3-R 5’-AGACGATCTGCCGGAAGAAG-3’ ENST00000261402 

SLC10A7-E1-F 5’-CTGGTTCATGGTCGGAATAG-3’ 
55 630/591 

ENST00000335472 

TTC29-E11-R 5’-GTACTTGCTCTCACCAAATC-3’ ENST00000513335 

SCNN1A-E10-F 5’-AGATGCTATCGCGACAGAAC-3’ 
55 

691/624/562/537/495/
470/441/312/287 

ENST00000360168 

TNFRSF1A-E4-R 5’-GGTCCACTGTGCAAGAAGAG-3’ ENST00000162749 

 

Results 
 

RNA sequencing and fusion prediction 

Paired-end RNA sequencing of pulmonary adenocarcinoma resulted in more 

than 42 million reads of which over 25 million reads were on target. Eighty-five 

fusions were predicted in the lung tumor sample by deFuse using the standard 

settings. Of these, 67 had a probability of <0.95 genes, whereas 18 had a 

probability of ≥0.95 (Figure 1).  

As a quality check we first investigated a number of predicted fusions with a 

probability of less than 0.95. Manual inspection of these 67 fusion genes using 

our custom-made track in IGV indicated lack of split and spanning reads for 18 of 

them. Therefore, these were unlikely to represent true fusion transcripts. A 

further manual Inspection on UCSC genome browser revealed that 21 of the 

fusion genes mapped to intergenic regions and 9 fusion products appeared to be 

a read-through. Based on these results, we decided not to inspect the remaining 

19 predicted fusion genes with a probability of <0.95. During this process we 

noticed that several of the false positive predictions could have been excluded 

based on the prediction by deFuse as being a read-through transcript. Examples 

of read-through and intergenic fusion products, as well as fusion products with 

sufficient and insufficient split reads are shown in Figure 2. 
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Figure 1: Diagram shows the results of the deFuse filtering and manual inspection steps. Left wing 

(red) shows results of the initial inspection of the fusions with probability <0.95. Based on these 

analysis we concluded that the probability score was a good first criterion to exclude false positive 

predictions. Moreover, we noticed that a second filtering criterion indicated by the deFuse 

algorithm, i.e. prediction for being a read-through transcript, can correctly remove additional 

unlikely fusion gene candidates. This second criterion was implemented in the right wing (blue) of 

the graph to select the most likely candidate fusion genes for RT-PCR validation. 
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Figure 2: Example of a high confidence fusion and two false positive gene fusions. A) Snapshot of 

STYXL1-TMEM120A on the UCSC browser that shows a read-through transcript. Green arrow shows 

the transcript predicted as fusion by deFuse. B) Snapshot of LINC00267-TRAF5 fusion on the UCSC 

genome browser showing the sequence (red arrow) which had been annotated as being part of the 

TRAF5 gene, but actually maps to an intergenic region in close proximity to this gene (Red arrow). 

Green arrow shows the sequence that was correctly annotated as the LINC00267 gene. C) Snapshot 

of IGV of RAB35-ATP2A2 fusion with sufficient split reads covering fusion boundary. Mixed red and 

blue area shows paired end reads generated by RNA sequencing. The line in the middle indicates 

fusion boundary. D) Snapshot of IGV for a predicted fusion (GRAMD4-CERK) with insufficient split 

reads covering fusion boundary is an indicative of a false positive gene fusion.  
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Based on the above described quality check, we used deFuse read-through 

prediction as a second filter for predicted fusion genes in addition to the 

probability score of ≥0.95. Seven of the 18 fusion genes were excluded based on 

this criterion. Inspection of the paired-end reads of the remaining 11 fusion genes 

using IGV in combination with the custom-made track of the sequence of the 

predicted breakpoint fusion regions, indicated lack of reliable split and spanning 

reads for one predicted fusion gene. This fusion was also excluded from further 

analysis. A further quality check of the remaining fusions using the UCSC genome 

browser revealed that one predicted fusion mapped to an intergenic region, 

which was incorrectly annotated as being the more upstream gene by deFuse. 

This predicted gene fusion was also excluded. Three of the remaining 9 predicted 

gene fusions involved the same two genes, i.e. SCNN1A and TNFRSF1A, but with 

different breakpoints (Figure 3A), for the other six, i.e. RAB35-ATP2A2, STAB2-

NUAK1, SLC10A7-TTC29, KMT2B-AC002115.9, PIAS1-SLC24A6 and ZNF827-

ARHGAP10, one breakpoint region was observed for each gene. Validation 

experiments were performed only for the four gene fusions with an ORF as 

predicted by deFuse.  
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Figure 3: Schematic representation of fusion gene products and validation of four fusion products 

with a predicted ORF using RT-PCR. A) Schematic picture of two genes involved in the predicted 

SCNN1A-TNFRSF1A fusion gene transcript and their orientation in the genome. Red bars show 

different breakpoints detected by RNA-seq. Position of the primers are shown in the picture. B) 

Validation of SCNN1A-TNFRSF1A fusion transcript by RT-PCR. The three fusion products were 

detected in both the tumor as well as in the normal sample. C) Two gene fusions (RAB35-ATP2A2 

and STAB2-NUAK1) clustered in an approximately 18Mb region on chromosome 12. Both fusions 

were result of an inversion. D) Schematic picture of SLC10A7-TTC29 gene fusion which was result of 

an eversion. E) Validation of RAB35-ATP2A2, STAB2-NUAK1 and SLC10A7-TTC29 fusion product in 

tumor cDNA by RT-PCR. 
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Validation of fusion genes with predicted ORF by RT-PCR 

Four fusion genes (SCNN1A-TNFRSF1A, RAB35-ATP2A2, STAB2-NUAK1 and 

SLC10A7-TTC29) were validated by RT-PCR. Based on different breakpoints 

detected by RNA-seq and the different splice variants of TNFRSF1A, a range of 

fusion products for the predicted SCNN1A-TNFRSF1A fusion gene was expected 

(Figure 3B). PCR products within the expected range were indeed confirmed in 

the tumor sample, but a similar pattern was observed in a normal control lung 

sample, indicative of a false positive fusion prediction. These fusion products 

were probably derived from read-through transcripts, which had been missed in 

the initial manual inspection. The fusion product was derived after splicing of the 

intergenic region between exon 11 of the SCNN1A gene and exon 2 of the 

TNFRSF1A gene. 

Two fusion products, i.e. STAB2-NUAK1 and RAB35-ATP2A2, were confined 

to a region of approximately 18 megabases (Mb) on chromosome 12 and 

involved four genes (Figure 3C). Both fusion products were the result of an 

inversion. In one of the fusion products exon 18 of the STAB2 gene was fused to 

exon 2 of the NUAK1 gene. In the second fusion product exon 2 of the RAB35 

gene was fused to exon 6 of the ATP2A2 gene. The fourth fusion, i.e. SLC10A7-

TTC29, was the result of an eversion in which exon 6 of the SLC10A7 gene was 

fused to exon 10 of the TTC29 gene (Figure 3D). The expected PCR product sizes 

for all of these fusion genes were identified in the tumor samples and not in the 

normal sample, suggesting that they are true fusion genes (Figure 3E). Sanger 

sequencing of the RT-PCR products of these three fusions confirmed the fusion 

gene sequence as predicted by deFuse. 

 

Discussion 
 

Protein fusion products can act as oncogenic drivers in human cancers3-4, 7, 26. 

DeFuse is a computational algorithm that predicts fusion transcripts from paired-

end RNA sequencing data. Here, we aimed to improve selection procedure of 

predicted fusion genes to allow a more optimal selection of high confidence 

fusions for further follow-up studies. 

A high number of false positive predicted fusion genes involved a gene locus 

and a second sequence fragment that actually mapped to an intergenic region. 

These intergenic sequences were annotated to the closest neighboring gene by 

deFuse resulting in an incorrect calling of fusion genes. This problem is probably 
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caused by allowing deFuse to call gene fusions in intergenic regions to decrease 

the chance of missing potential fusions9. It seems that this feature can generate a 

lot of false positive fusion gene predictions and might not be optimal in the 

search for genuine novel fusion products. Restricting calling of gene fusions to 

regions within the boundaries of known exons would obviously decrease the 

number of false positives, but might result in loss of true fusion genes.  The 

probability of being true fusion genes based on the data generated by deFuse 

appears to be an efficient primary filter to eliminate most of the false positives. In 

addition, the IGV check using the custom track with the sequences of the 

breakpoint regions of all predicted fusion genes was a valuable tool to exclude 

additional falsely predicted gene fusions. 

We found several read-through transcripts in our data. Some of these 

transcripts had been identified already as read-through by the deFuse program, 

while some others were noted during manual check using UCSC browser or after 

validation by RT-PCR. These fusion transcripts are the result of a mechanism 

called “intergenic splicing”27. These fusions are also referred to as transcription-

induced chimeras or read-through sequences. Read-through transcripts are 

probably generated when transcription fails to stop at the end of a gene locus 

and continues until the termination site of the next adjacent gene28-29. Read-

through sequences usually contain exons of adjacent genes27. Overall, excluding 

read-through transcripts in combination with manual check using IGV on a 

custom made track and the UCSC browser is an efficient approach to exclude 

false positive fusions. 

In recent years, a number of computational methods have been developed 

for the detection of fusion transcripts9, 30-34. These methods show high sensitivity 

for detecting artifacts that can be induced by experimental procedures during 

library preparation and amplification steps prior to RNA sequencing27. Thus, 

selection of alignment software for the detection of fusions and being aware of 

the type of filters they utilize to remove false positive predictions is important. In 

addition, close distance (for example <50Kb) between two adjacent genes might 

be a good sign to consider a transcript as a potential read-through. All together, 

increasing the specificity can reduce the sensitivity of the method and vice versa. 

Therefore, we are always on the edge of adding a false positive or missing a true 

fusion transcript in this type of analysis. Manual check for the selected fusions for 

validation remains crucial to exclude false positives. 
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The presence of SCNN1A-TNFRSF1A fusion PCR products in a normal sample 

indicated that this prediction was not valid. So, both deFuse and manual 

inspection using UCSC genome browser did not identify this predicted fusion 

gene as being the result of a read-though transcript. This indicates that an 

additional filtering step should be applied. Therefore, we added an additional 

filter that could remove predicted fusions that map to EST regions with a 

probability ≥0.95. Applying this filter resulted in elimination of the SCNN1A-

TNFRSF1A fusion, without affecting calling of true fusion gene predictions. 

Following this strategy we were able to reliably distinguish true gene fusions from 

false positive ones (Figure 4).    

 

 
Figure 4: Proposed filtering steps to remove false positive gene fusion predictions by 

deFuse. 

 

In conclusion, we set up a step-wise approach to select fusion genes with 

high confidence based on an initial calling made by deFuse and adding additional 

custom selection steps using the IGV in combination with a custom made track 

and the UCSC genome browser. 
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Abstract 
 

Objectives: Although most ALK-break positive non-small cell lung cancer (NSCLC) 

patients initially respond to crizotinib, resistance occurs inevitably. So far none of 

the studies focused on fusion genes as a possible mechanism to explain the 

resistance. In this study we aimed to identify fusion genes in crizotinib-resistant 

tumor samples. 

Materials and Methods: Re-biopsies of three patients were subjected to paired-

end RNA sequencing to identify fusion genes using DeFuse. The IGV browser was 

used to determine presence of known resistance-associated mutations. Sanger 

sequencing and digital droplet PCR were used to validate fusion genes and 

mutations. 

Results: ALK fusion genes were detected in all three patients with EML4 being the 

fusion partner. Patient #1 contained, in addition, one other fusion gene, i.e. 

NRG1-RBPMS, but this fusion gene did not contain a predicted open reading 

frame. Patient #3 contained three additional fusion genes, of which two were 

derived from the same chromosomal region as the EML4-ALK fusion. A predicted 

ORF was identified only in the CLIP4-VSNL1 fusion product and not in the other 

two fusion genes. Patient #2 did not contain any additional fusion gene. Fusion 

genes were detected in the resistant tumors and primary tumors by qRT-PCR. 

Analysis of the RNA sequencing data revealed ALK gatekeeper mutations in two 

patients. These two mutations were not detected in primary tumor samples. 

Conclusion: Fusion genes identified in our study are unlikely to be involved in 

crizotinib resistance. ALK gatekeeper mutations were identified in resistant tumor 

samples of two patients. In one patient, the mechanism of the resistance 

remained unclear. 
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Introduction 
 

Chromosomal rearrangements involving the anaplastic lymphoma kinase 

(ALK) gene can occur in different cancers including NSCLC, anaplastic large cell 

lymphoma and inflammatory myofibroblastic tumors1. The echinoderm 

microtubule-associated protein-like 4 (EML4) gene is the most common fusion 

partner of the ALK gene in NSCLC2. Presence of the EML4-ALK fusion in NSCLC has 

been reported for the first time in 20073. In addition, KIF5B, KLC1 and TFG have 

also been described as fusion partners4. Injection of EML4-ALK overexpressing 

3T3 cells into nude mice induced tumor growth indicating transforming activity of 

the EML-ALK fusion protein3. ALK rearrangements have thereafter been detected 

in approximately 4-7% of the NSCLC patients3, 5. The frequency is higher in young, 

non-smoking patients with adenocarcinoma6. The EML4-ALK fusion results in 

overexpression of the fusion product including the tyrosine kinase activity 

domain of ALK7.  

Despite an initial favorable response to crizotinib, patients inevitably acquire 

resistance due to selective pressure of the TKI1. Different genomic aberrations 

have been identified as resistance mechanisms to ALK-TKI, including ALK-

dependent and ALK-independent mechanisms. ALK dependent mechanisms 

include gatekeeper mutations in the ALK kinase domain, such as C1156Y, L1196M 

and G1269A, and ALK copy number gain8-9. ALK-independent mechanisms include 

KRAS and EGFR mutations (L858R) and KIT amplification. In addition, AXL 

overexpression and changes in the pathways of the epithelial-mesenchymal 

transition (EMT) have been described as resistance mechanisms to the ALK-TKI in 

cell lines10. 

In this study we aimed to identify presence of fusion genes as a novel 

resistance mechanism in patients progressing on crizotinib using transcriptome 

sequencing. We used DeFuse to detect fusion genes and validated breakpoints 

and presence in resistant and primary frozen samples. In addition, we used the 

RNA sequencing data to determine presence of crizotinib resistance-associated 

mutations in EGFR, KRAS and ALK genes. 
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Materials and Methods 
 

Patients and tumor samples 

Three crizotinib treated lung adenocarcinoma patients with a FISH-positive 

ALK break (Vysis LSI ALK Break Apart FISH Probe Kit, Abbott Molecular Inc., Des 

Plaines, USA) in >15% of the tumor cells were selected for this study based on the 

availability of frozen tissue of the crizotinib-resistant samples (Table 1). In 

addition, formalin fixed paraffin embedded (FFPE) tumor tissue samples were 

available before and after crizotinib treatment. A normal lung tissue sample was 

used as control for the RT-PCR. All procedures and protocols were performed 

according to the guidelines for good clinical practice and after informed consent. 

 

Fluorescence in situ hybridization (FISH) 

FISH was performed using the ALK dual color break probes (Vysis LSI ALK 

Break Apart FISH Probe Kit, Abbott Molecular Inc., Des Plaines, USA) following a 

standard protocol. After deparaffinization, slides were incubated in TRIS/EDTA 

pH9.0 buffer in a pressure cooker for 7 min at 120°C. This was followed by an 

RNase (Thermo Fisher Scientific Inc., Waltham, USA) treatment step for 10 min at 

37°C, followed by a pepsin (Sigma-Aldrich, St. Louis, United States) treatment for 

1h at 37°C. Hybridization and wash steps were performed according the 

manufacturer´s protocol. Slides were mounted in vectashield with DAPI (1:1 

diluted in vectashield). Three images were captured from each slide using an 

appropriate single filter (Olympus DP50 camera, USA). Scoring was performed 

according to the international guidelines (www.Abbott.com). Slides were 

analyzed by two independent well-trained and experienced readers and a case 

was called ALK-break positive if ≥15% of the evaluated neoplastic nuclei (n=100) 

had a break-apart pattern.  

 

Immunostaining 

ALK staining was done on 3 micron FFPE tumor tissue sections, using ALK 

rabbit monoclonal antibody clone D5F3 (Roche, Basel, Switzerland) in VENTANA 

BenchMark ULTRA according to the manufacturer’s protocol (Ventana, Tucson, 

Arizona). 
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RNA and DNA isolation 

Total RNA was isolated from frozen tissue according to a standard laboratory 

protocol using TRIzol (Life technologies, Carlsbad, USA). RNA from FFPE samples 

was isolated using the RNeasy FFPE kit according to the manufacturer’s protocol 

(Qiagen, Venlo, The Netherlands). Genomic DNA from frozen tissue samples was 

isolated using a routine salt-chloroform protocol using standard protocols. The 

ReliaPrep™ FFPE gDNAMiniprep System kit (Promega, Madison, USA) was used to 

isolate DNA from FFPE samples following the protocol of the manufacturer. The 

NanoDrop (Thermo Fisher Scientific Inc., Waltham, USA) was used to determine 

DNA and RNA concentrations. 

 

Transcriptome sequencing and fusion detection 

Library preparation for paired-end RNA sequencing was performed using the 

TruSeq RNA kit (Illumina, San Diego, USA), starting from 500ng of total RNA. 

Paired-end reads of 100nt were generated on the Hiseq2500 (Illumina, San Diego, 

USA). DeFuse (v.0.6.1) was used to identify putative fusion gene products11. 

DeFuse maps the reads to the reference genome using an automated process 

which involves SAMtools12, bowtie13, BLAT14 and GMAP15. Based on the DeFuse 

output, three exclusion criteria were used; 1) probability of the predicted fusion 

transcripts <0.95; 2) fusion transcripts derived from a putative read-through 

transcript; 3) probability that fusion transcripts map to an enriched expressed 

sequence tags (EST) region >0.95. Of the fusion genes that pass these criteria we 

manually screened split and spanning reads using a custom track containing the 

fusion gene sequence files from DeFuse using the IGV browser16. As a last step, 

we inspected whether both sides of the fusion breakpoint were correctly mapped 

or derived from intergenic regions using the University of California Santa Cruz 

(UCSC) genome browser (Supplementary Figure S1). Predictions of the presence 

of an ORF in the fusion products were obtained from DeFuse. 

 

Validation of the fusion products by RT-PCR 

cDNA was synthesized with Superscript II reverse transcriptase and random 

primers according to the company instruction starting from 500ng total RNA 

(Invitrogen, Carlsbad, USA). PCR was performed using 10ng cDNA as input in a 

final volume of 30µl containing 1x PCR buffer and MgCl2 (final concentration 

1.5mM), 0.2µl Tag DNA polymerase (5unit/μl) (Invitrogen, Carlsbad, USA) and 

500nM primers designed using Clone Manager Suite (Sci-Ed Software, Morrisville, 
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USA) (Supplementary Table S1). Amplification consisted of 35 (frozen samples) or 

45 (FFPE) cycles using a thermocycler (Bio-Rad, Hercules, USA). PCR products 

were analyzed on a 3% agarose gel, purified using Zymoclean™ Gel DNA Recovery 

Kit (Zymo research, Irvine, USA) and sequenced at LGC Genomics (Berlin, 

Germany). Agarose gel pictures were capture using Gel Doc XR+ System (Bio-Rad, 

Hercules, USA). 

 

Identification and validation of mutations in ALK, EGFR and KRAS gene  

For each patient the RNA-seq bam file, generated by RSEM (1.2.9) was 

uploaded into the IGV browser. All exons of ALK, EGFR and KRAS genes were 

visually screened for the presence of known resistance-associated mutations. To 

validate mutations, 50ng of DNA was amplified as described above using primers 

designed with Clone Manager Suite (Sci-Ed Software, Morrisville, USA) 

(Supplementary Table S1). M13F or M13R tails were added to the 5’ end of the 

primers designed for DNA to allow direct sequencing of the PCR products. 

Purification and sequencing was performed as described above. One of the ALK 

mutations was also validated by PCR and Sanger sequencing on 10ng of cDNA 

using primers that specifically amplify the EML4-ALK breakpoint region. 

 

Validation of ALK mutations by droplet digital PCR (ddPCR) 

Mutant and wild type ddPCR primers and probes to detect C1156Y and 

G1269A ALK gene mutations were obtained from Bio-Rad (Hercules, USA). The 

ddPCR was performed on 18ng of genomic DNA as measured by Qubit (Life 

technologies, Carlsbad, USA) according to the manufacturer’s instruction (Bio-

Rad, Hercules, USA). Briefly, 11µl ddPCR Supermix for probes, 1µL of the 

mutation assay and genomic DNA were mixed in a final volume of 20μl. Droplets 

were generated using the QX100 Droplet generator after addition of 70μl droplet 

generation oil (Bio-Rad, Hercules, USA). PCR was performed on a T100 Thermal 

Cycler (Bio-Rad, Hercules, USA) using the following cycling conditions: 10 minutes 

at 95°C, 40 cycles of 95°C for 30 seconds, 55°C for 1 minute followed by 98°C for 

10 minutes (ramp rate 2.5°C/sec). Samples were transferred to the QX200 

Droplet Reader (Bio-Rad, Hercules, USA) for fluorescent measurement of FAM 

and HEX probes and data were analyzed by Quantasoft software version 1.6.6 

(Quantasoft, Prague, Czech Republic). In addition to the primary and resistant 

tumor samples, 10 normal samples were used as negative controls. Sensitivity of 
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the assays was 0.1 and 0.5% for C1156Y and G1269A respectively, as determined 

on dilution series of the resistant tumor samples. 

 

Results 
 

Patients 

The three patients, aged 27 to 56 years, were all tested positive for ALK IHC 

before crizotinib treatment (primary) and at disease progression (resistant). All 

three patients were ALK FISH positive both before crizotinib and at disease 

progression. Patient #1, #2 and #3 showed a partial response (PR) with 

progression free survival (PFS) of 7.0, 9.5 and 15.9 months, respectively. Only 

patient #3 showed extra ALK copies in the diagnostic FISH analysis (Table 1 and 

2). 

 

Table 1: Patients’ characteristics and fusion products detected in crizotinib resistant 
tumors. 

Pat. Age Smoking 

Tumor 

response 

(PFS in 

months) 

Samples 
Tumor 

(%) 

No. of 

predicted 

gene fusions  

High 

confidence 

gene fusion 

Predicted 

ORF 

#1 27 None PR (7.0) Res-1 90 33 
EML4-ALK Yes 

NRG1-RBPMS No 

#2 56 Current PR (9.5) Res-2 70 37 EML4-ALK Yes 

#3 42 None PR (15.9) Res-3 90 68 

EML4-ALK Yes 

CLIP4-VSNL1 Yes 

MCFD2-CLIP4 No 

CPSF6-RBMS2 No 

PFS is progression free survival; Res is crizotinib resistant tumor; ORF: Open reading frame. 

 

 

Detection of fusion products 

A total of 19.9, 19.9 and 28.9 million reads were aligned for resistant tumor 

samples of patient #1, #2 and #3, respectively. Seven fusion gene products were 

identified in these three tumor samples, including an ALK fusion gene in each 

patient (Table 1 and Supplementary Figure S1). The fusion partner was EML4 in 

all three patients according to the DeFuse analysis. The breakpoint was in intron 

20 of the EML4 gene in patient #1 and intron 6 of the EML4 gene in patients #2 

and #3. The EML4 gene was fused to exon 20 of the ALK gene in all three 

patients.  
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In patient #1 one additional fusion gene, i.e. NRG1-RBPMS, was detected but 

this fusion had no predicted ORF according to DeFuse. In patient #2, no additional 

fusion products were identified. Patient #3 contained in addition to EML4-ALK, 

three fusion genes, one with and two without predicted ORFs. Two of the fusion 

genes (CLIP4-VSNL1 and MCFD2-CLIP4) were the result of multiple genomic 

aberrations at the ALK gene region on chromosome 2 (Figure 1A). Both fusion 

products involved the CLIP4 gene mapping 8kb downstream of the ALK gene. In 

one fusion transcript, exon 14 of the CLIP4 gene was fused to exon 2 of the VSNL1 

gene, resulting in a fusion transcript with a predicted ORF. In the second fusion 

transcript, exon 15 of the CLIP4 gene was fused to the non-coding exon 1 of the 

MCFD2 gene. This fusion did not have a predicted ORF.  

 

Table 2: Summary of the diagnostic FISH and immunostaining results and the 
transcriptome analysis  

Pat. 

Primary tumor  Resistant tumor 

ALK FISH 

(%) 

ALK 

IHC 

 ALK 

FISH (%) 

ALK 

IHC 

ALK 

Mutation  
ALK gain 

EGFR 

mutation 

KRAS 

mutation 

#1 >15 +  >50 +++ p.C1156Y +* WT WT 

#2 >50 +++  >50 +++ WT none WT WT 

#3 >15 +  >50 +++ p.G1269A none WT WT 

WT: Wild type; *Presence of mutated and unmutated EML4-ALK sequencing reads suggests gain of 

an EML4-ALK fusion gene (See discussion). 

 

 

Validation of the fusion products by RT-PCR 

EML4-ALK fusion transcripts were confirmed by RT-PCR in resistant tumor 

samples of patients #1, #2 and #3 (Figure 1B). We next validated the two fusion 

products originating from chromosomal aberrations at the ALK genomic region 

identified in patient #3. A PCR product of the expected size was observed for 

both fusion genes in the frozen biopsy of the resistant tumor samples (Figure 1C). 

Sanger sequencing of these RT-PCR products confirmed the expected sequence 

consistent with the prediction of DeFuse. Next, we evaluated whether these 

fusion transcripts were also present in the primary FFPE tumor samples of these 

patients. FFPE samples of the resistant tumors were included as positive controls. 

The CLIP4-VSNL1 and MCFD2-CLIP4 fusion transcripts were detected in the 

primary and resistant tumor samples (Figure 1D).  
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Figure 1: Schematic representation of the fusion gene products that clustered at the ALK gene locus 

and validation of the fusion products using RT-PCR. A) Three fusion products clustered at a 25Mb 

genomic region including the ALK gene locus in patient #3. Two of the three fusion products are the 

result of an inversion (EML4-ALK and MCFD2-CLIP4), whereas the third fusion product is generated 

via an eversion (CLIP4-VSNL1). EML4-ALK and CLIP4-VSNL1 contain a predicted ORF. B) Detection of 

EML4-ALK fusion in three crizotinib resistant tumor samples. C) Validation of two novel fusion genes 

in frozen resistant tumor samples. D) Detection of the fusion genes in FFPE samples of resistant 

samples and analysis of the primary tumor samples. Norm: Normal lung tissue; Prim: Primary tumor 

sample; Res: Resistant tumor sample; Neg: Negative control. 

 

Identification and validation of mutations in ALK, EGFR and KRAS 

Mutations in ALK, EGFR and KRAS have been reported to confer resistance 

against crizotinib.  Analysis the paired-end RNA sequencing data revealed an ALK 

gatekeeper mutation, i.e. p.C1156Y (NM_004304.3:c.3467G>A) in patient #1 in 

57% of the reads. No mutations were observed in the EGFR and KRAS genes. 

Sanger sequencing of the RT-PCR product using primers specific for the EML4-ALK 

fusion gene confirmed presence of both wild type and mutant EML4-ALK fusion 

transcripts consistent with the RNA sequencing data (Figure 2A). This suggests 

that the duplication event occurred before gain of a gatekeeper mutation in one 

of the two ALK break copies (Table 2). In patient #3, an ALK gatekeeper mutation 

was observed in 100% of the RNA sequencing reads, i.e. p.G1269A 

(NM_004304.3:c.3806G>C). Sanger sequencing confirmed presence of the 
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mutations at the genomic DNA level in the resistant tumors of both patients 

(Figure 2B).  

 

 
Figure 2: Detection of ALK gene mutations in resistant tumor samples by RNA-seq and validation in 

resistant and primary tumor samples by Sanger sequencing and ddPCR. A) RNA-sequencing reads of 

the two gatekeeper mutations. Grey bars show the wild type positions, the colored bar indicates 

the mutant position. The number of wild type and mutant reads were 56/75 for patient #1 

(c.3467G>A) and 0/25 for patient #3 (c.3806G>C)(Top). RNA Sanger sequencing in the resistant 

tumor sample of patient #1 confirmed presence of one wild type and one mutated EML4-ALK copy 

using primers covering the ALK break (Bottom). The sequences in this picture are based on plus 

strand, whereas the ALK gene is located on the minus strand of chromosome 2. B) DNA Sanger 

sequencing results in the resistant and primary tumor samples. C: ddPCR results of the primary and 

resistant tumor samples of patient #1 and #3. Number of positive droplets for mutant and wild type 

alleles is written in each gate of the scatter plots. Fractional abundance for the mutant allele was 

26% and 19.8% in the resistant tumors of patients #1 and #3, respectively. Prim: Primary tumor 

sample; Res: Resistant tumor sample. 



Resistance to crizotinib in lung adenocarcinoma 

 

   129 

5B 

Analysis of the ALK gatekeeper mutations in the primary tumor samples of 

patients #1 and #3 by Sanger DNA sequencing revealed no mutations. To exclude 

presence of a minor clone with the ALK gatekeeper mutation in the primary 

tumor samples we also performed ddPCR on the resistant and primary tumors. In 

the resistant tumors, the fractional abundance of the corresponding mutant 

alleles was 26% and 19.8% in patients #1 and #3, respectively. In the primary 

samples these mutations were not detected (Figure 2C).  

 

Discussion 

 

ALK-break positive NSCLC patients respond to crizotinib in over 60% of cases, 

but after 9 to 12 months drug resistance will inevitably develop17. Several groups 

have identified gatekeeper mutations in the ALK gene or mutations in KRAS and 

EGFR in re-biopsies as mechanisms of the resistance1, 9, 18. In our re-biopsy study 

we focused on detection of novel fusion products in tumor samples of three 

patients who developed resistance to crizotinib. 

In patient #1, we confirmed presence of the EML4-ALK fusion gene in the 

resistant re-biopsy taken from a patient with a growing tumor under crizotinib. 

No additional fusion genes with a predicted ORF were identified in this patient. 

The ALK C1156Y gatekeeper mutation was identified in approximately half of the 

RNA-seq reads in this patient . This suggests that the ALK gatekeeper mutation 

was gained after duplication of the EML4-ALK fusion or that the mutation is 

present only in a proportion of the tumor cells, while being wild type in the other 

tumor cells. The alternative explanation, i.e. gain of de novo fusion gene in 

combination with gain of an ALK gatekeeper mutation on one of the two fusion 

genes seems unlikely. The mutation was not present in the primary tumor using 

the sensistive ddPCR (Table 2). In patient #3, we confirmed the presence of the 

EML4-ALK fusion gene in the re-biopsy. Three additional fusion genes were 

detected, of which one had a predicted ORF. However, this fusion gene was also 

present in the primary tumor sample, and thus not treatment induced. In 

addition, we observed the G1269A ALK gatekeeper mutation in the re-biopsy of 

the resistant tumor, which was not present in the primary tumor sample using 

ddPCR. Gain of a gatekeeper mutation most likely caused the crizotinib resistance 

in patients #1 and #3. ALK-dependent crizotinib resistance mechanisms were thus 

involved in 2 of the 3 patients.  
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Functional analysis of the two observed resistance-associated mutations in 

Ba/F3 and NIH3T3 cells has proven their role in crizotinib resistance9, 18. The 

G1269A mutation is located close to the crizotinib binding site and induces a 

stronger resistance towards crizotinib than the C1156Y mutation9. The relative 

quick appearance of crizotinib resistance in patient #1 may be due to the 

combination of different resistant mechanisms, the milder C1156Y gatekeeper 

mutation and the potential gain of the EML4-ALK fusion duplication. Moreover, 

based on the normalized RNA sequencing reads, this patient also showed a 2 to 3 

fold higher expression level of the ALK fusion gene as compared to the two other 

patients. Thus, despite the less effective gatekeeper mutation, gain of ALK copy 

and the higher expression level might also have contributed to the short PFS. 

In patient #2, we confirmed presence of the EML4-ALK fusion gene in the re-

biopsy sample. No additional fusion genes were identified. We did not find ALK 

gatekeeper mutations or gain of ALK copies, indicating the occurrence of an ALK-

independent resistance mechanism. Also, we did not find evidence for the other 

currently known ALK-independent crizotinib resistance-associated aberrations in 

this patient. As the number of aligned reads in this patient was similar to patient 

#1 and we did detect the EML4-ALK fusion gene, it seemed unlikely that we failed 

to detect other fusion genes. Moreover, we found no evidence of increased 

expression of ALK or EGFR in the RNA sequencing data (results not shown). Other 

currently unknown ALK-independent resistance mechanisms might have been 

induced in this tumor sample. 

A number of studies have investigated mechanisms of resistance to crizotinib 

in post-treatment tumor samples of NSCLC patients. ALK gatekeeper mutations 

were the most commonly observed aberrations identified in re-biopsies of 16 out 

of 51 (31%) patients1, 9, 18-21. We detected ALK gatekeeper mutations in 2 of the 3 

patients. ALK gain has been reported as resistance mechanism in 4 out of 36 

(11%) patients1, 9, 20. We observed EML4-ALK RNA-seq reads with and without the 

ALK mutation in patient #1. This might indicate duplication of the fusion gene in 

one of the two EML4-ALK alleles. Of the 36 patients studied for both ALK 

mutations and ALK gain, only one case was positive for both, similar to our 

patient #1. 

In patient #3, two novel fusion gene products (one with and one without a 

predicted ORF) involving the CAP-GLY domain containing linker protein family, 

member 4 (CLIP4) gene were present in both the primary and resistant tumor 

samples. Given the gain of a functionally confirmed ALK gatekeeper mutation, it 
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seems unlikely that this fusion is associated with resistance to crizotinib. 

Moreover, this fusion product was already present in the primary tumor sample. 

The clustering of three fusion gene products within the ALK gene region suggests 

that this genomic region is an instable region in NSLCL. The frequent loss of (part 

of) the short arm of chromosome 2 (2p14-16, 2p23.3 and 2p24.3) as observed in 

NSCLC is consistent with this region to be susceptible to chromosomal breaks22-23. 

The question is whether other fusion transcripts may be of clinical 

importance but so far none have been described. The presence of ALK fusion 

variants have yet not been described as a cause for the heterogeneity in tumor 

response to ALK inhibition. Besides crizotinib and ceritinib that both show high 

tumor response rates, next generation ALK inhibitors such as alectinib, brigatinib 

(AP26113) and PF-06463922 are in development and show high response rates in 

diverse resistant ALK mutants. For instance, ceritinib is active against crizotinib 

resistant ALK mutant forms such a L1196M, G1123S, G1269A, S1206Y and I1171T. 

Alectinib is active against L1196M, C1156Y, 1151T-ins, L1152R, F1174L, G1269A, 

and R1275Q. Brigatinib against L1196M, F1174L, G1269A but not against S1206Y. 

PF-6463922 is active in all previous mutant forms24-27. 

In conclusion, we identified four novel gene fusion products in two of the 

three crizotinib resistant re-biopsies. In one patient, both copy number gain and 

an ALK gatekeeper mutation were present as resistance mechanisms and in 

another patient an ALK gatekeeper mutation could explain resistance to 

crizotinib. In the third patient, the putative ALK-independent resistance 

mechanism remained unclear, but it is unlikely that the resistance has been 

caused by novel fusion genes. 
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Supplementary Figure S1: Filtering steps applied to remove false positive fusion transcript 

predictions. After detection of potential fusions by DeFuse, we excluded predicted fusion genes 

based on three DeFuse criteria, probability less than 0.95, read through transcripts and fusion 

products located in EST enriched regions with probability of more than 0.95. In the last step, split 

and spanning reads were checked using the IGV browser on a custom track. The fusion genes 

without break split reads were removed. The remaining fusions have been inspected to determine 

if both sides of the fusion breakpoint were correctly mapped and not derived from intergenic 

regions using UCSC browser. A total of 19.9, 19.9 and 28.9 million aligned reads were obtained from 

transcriptome sequencing of the resistant tumor samples of patient #1, #2 and #3, respectively. 
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6 

Summary and discussion 
 

The aim of this thesis was to investigate genetic changes in lung cancer and 

to link these alterations to tumor evolution and resistance to targeted treatment. 

 

Mutational landscape and potential targets 

In chapter 2, we presented an overview of the mutated genes in lung cancer 

including the well-known ones such as EGFR and KRAS. Mutations in these two 

genes can drive tumor formation. KRAS mutations are observed with a frequency 

of 30% and are associated with smoking behavior, while the EGFR gene is 

mutated in about 10% of Caucasians. Recent findings of different research groups 

that utilized next generation technologies (NGS) in lung cancer provided an 

overwhelming amount of data and new insights into the pathogenesis of lung 

cancer. In addition, these studies provided clues for targeted therapy. Examples 

are amplifications and mutations of ERBB2 in lung adenocarcinoma (AC), 

mutations of JAK kinase family members and NFE2L2 in squamous cell lung 

cancer (SQCC)1-2. Moreover, we summarized currently available targeted 

treatment strategies, such as EGFR and ALK inhibitors, and the currently known 

resistance mechanisms. Several of the proposed resistance mechanisms still need 

to be functionally proven. 

 

KRAS and EGFR hotspot mutations in NSCLC patients with and without 

COPD 

Differences between chronic obstructive pulmonary disease (COPD) status 

stratified NSCLC have been observed at the gene expression and for copy number 

variation (CNV) level3-4. In chapter 3, we investigated whether KRAS and EGFR 

mutations in NSCLC were associated with COPD-status in a group of 325 NSCLC 

patients. We observed no significant difference between the frequency of KRAS 

mutations in COPD as compared to non-COPD patients. KRAS mutations were 

more frequent in female than in male, consistent with a previous study5. Both 

female gender (HR 2.79; 95% CI: 1.70-4.59; p<0.001) and smoking were 

associated with KRAS mutational status (HR 4.34; 95% CI: 1.21-15.59; p=0.02). 

Transversions were significantly more common in smoking females than smoking 

males. As transversions have been associated with smoking, our data suggest an 

increased susceptibility of women for smoking carcinogens and smoking related 

substitutions. This might be explained by differences in the expression of CYP1A1 
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and CYP1B1, tobacco carcinogen-metabolizing enzymes in females compared to 

males6. EGFR mutations were significantly more common in NSCLC of non-COPD 

patients (15.3%) as compared to NSCLC patients with COPD (4.8%). These findings 

are similar to two previous studies7-8. This suggests that factors such as smoking 

or oxidative stress may be involved in EGFR activation in COPD patients rather 

than activating mutations. 

 

Tumor Heterogeneity 

In chapter 4, we investigated tumor heterogeneity in primary lung tumors 

compared to multiple distant metastases in three NSCLC and two SCLC patients 

using whole exome sequencing (WES). In the NSCLC patients, only half of the 

mutations were shared between the primary tumor and its metastases. This 

suggests that ubiquitous mutations in NSCLC may be insufficient to confer 

metastatic properties to the tumor cells. In contrast, the vast majority of the 

mutations were shared between primary and metastases in the SCLC patients. 

This suggests that metastasis-driver mutations are an early events and present as 

ubiquitous mutations in SCLC. This is compatible with the aggressive nature of 

the disease in which the vast majority of patients present with metastasized 

disease. For validation, we selected all the non-ubiquitous mutations using a PCR-

based NGS approach. We successfully validated 99% of the major clone 

mutations and confirmed that almost all the metastases specific mutations were 

indeed specific. Copy number variation (CNV) plots generated from WES data 

revealed some level of inter-tumor heterogeneity in all three NSCLC and in one of 

the SCLC patients. For the other SCLC patient we did not observed any difference 

between primary tumor and five different metastases. Overall, we showed more 

mutational inter-tumor heterogeneity in NSCLC as compared to SCLC. 

The chance of developing drug resistance may increase with a higher degree 

of intra-tumor heterogeneity. Currently, there are some large studies (n>178)1-2, 9 

that characterize the genetic makeup and expression profile of NSCLC patients 

using next generation sequencing (NGS). These studies have contributed to the 

increased number of targetable genes. In contrast, there are only a few studies 

with a limited number of SCLC primary tumor samples (n<40)10-12 using NGS 

technology. The lack of large genome wide studies on SCLC might at least in part 

explain the limited number of personalized therapeutic options for these 

patients. 
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In pancreatic cancer, subclones migrating to distant organs were already 

present in the primary tumor. The observed mutation pattern indicated an 

interval of almost two decades between tumor formation and death of the 

patients13. This indicated that these tumor cells need time to evolve and acquire 

additional aberrations to gain the capacity to metastasize and survive in a new 

environment. Based on the mutation profiles we observed in NSCLC, the same 

pattern might apply to this type of cancer, with a high degree of non-ubiquitous 

mutations indicating presence of different subclones in the primary tumor. This 

seems different for SCLC, as we only found a limited number of non-ubiquitous 

mutations. In a recent study, a marked degree of intra-tumor heterogeneity has 

been reported in primary NSCLC lung tumors14-15. So, the high degree of inter-

tumor heterogeneity as observed in our study might be a reflection of different 

tumor subpopulations in the primary tumor. Overall, our data support a branched 

model of evolution in metastatic NSCLC similar to the previous studies on primary 

NSCLC tumors14-15. In SCLC, the short time interval between tumor formation and 

distant metastasis and the relatively few non-ubiquitous mutations indicates a 

linear evolution.  

To investigate intra-tumor heterogeneity at CNV level, we applied single cell 

whole genome sequencing (WGS) on one of the two SCLC patients focusing on 

the primary SCLC tumor and one of its metastasis. We found more heterogeneity 

in the primary SCLC sample in comparison with the corresponding liver 

metastasis as quantified by a heterogeneity score of 0.26 versus 0.07, 

respectively. This grade of heterogeneity was not detectable at the mutational 

level using WES. Thus, a main factor that can affect the overall conclusion of 

patient inter- and intra-tumor heterogeneity is related to the experimental 

approach used to assess heterogeneity. We showed low degree of heterogeneity 

based on mutational analysis (WES) in SCLC, while there was a high grade of CNV 

heterogeneity at single cell level. 

Our data suggest that analysis of a single biopsy might not be representative 

of all subclones present in the tumor. This is consistent with  driver mutations 

found as major clones in one part of the tumor while being absent in another 

part of the tumor15. Thus analysis of more than one geographically distinct tumor 

biopsy might provide a more accurate overview of the mutations present and 

should be considered in the clinical setting. 
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Fusion genes and drug resistance 

ALK-positive NSCLC patients have the opportunity to benefit from tyrosine 

kinase inhibitors such as crizotinib. However, resistance to therapy emerges 

inevitably in these patients. There are some known resistance mechanisms such 

as gatekeeper mutations in the ALK kinase domain or gain of the ALK gene. 

However, the mechanism of drug resistance still remains unknown for 18-44% of 

the cases16-17. In chapter 5, we studied ALK break-positive patients with lung AC 

using paired-end RNA sequencing (RNA-seq) and asked ourselves whether 

treatment-induced fusion genes may explain treatment resistance in crizotinib-

treated patients. As a pilot study, we performed RNA-seq on a single lung AC 

tumor sample with the aim to optimize filtering criteria to distinguish between 

true fusion genes and false positives (Chapter 5A). We identified 85 potential 

fusion genes by analyzing data using the RNA-seq analysis package tool called 

deFuse18. Based on manual inspections of several fusions using a custom track on 

IGV software in combination with manual check on UCSC genome browser, we 

optimized the procedure. Validation of the four remaining fusions with a 

predicted open reading frame (ORF) revealed appropriate RT-PCR products for 

three of the four genes. For the fourth fusion gene the RT-PCR product of the 

appropriate size was observed both in the tumor and the normal sample, 

indicating that this prediction was not a true somatic mutation. Re-inspection of 

the deFuse parameters led to the inclusion of one additional filtering step, i.e. 

removal of fusion genes in regions of ESTs. This resulted in a more complete 

elimination of false-positive fusion genes. Our results highlight the importance of 

manual inspection and experimental confirmation for all predicted gene fusions.  

As none of the present studies provided evidence for acquiring additional 

fusion genes as a possible resistance mechanism, we aimed to identify fusion 

genes in crizotinib resistant lung AC samples in chapter 5B. A total of seven fusion 

genes were identified including the ALK-EML4 fusion, consistent with the 

diagnostic ALK fluorescence in situ hybridization (FISH) test. We identified four 

new fusion genes in patient #1 and #3, while patient #2 did not contain any 

additional fusion product. Only one of the four novel fusions had a predicted 

ORF. Experimental validation revealed a RT-PCR product of the expected size in 

the resistant tumor clone and not in the normal sample. However, the fusion 

gene products were already present in the primary biopsy, indicating that the 

fusion genes are most likely not induced by treatment. Manually inspection of 

the RNA-seq data for resistance associated aberrations in the ALK, EGFR and 
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KRAS genes revealed two mutations in ALK. In the first patient, we observed an 

ALK gatekeeper mutation (C1156Y) and presence of an additional copy of the ALK 

gene based on the presence of both wild type and mutant reads for the ALK gene 

in the RNA-seq reads. Thus, in this patient, we observed coexistence of two 

known ALK-dependent resistance mechanisms, i.e. ALK gain and gatekeeper 

mutations. In the second patient, we did not find any resistance-related event. 

This suggests that other ALK-independent mechanisms are involved in resistance 

to crizotinib. In the third patient, we found the ALK G1269A gatekeeper mutation 

in the resistant re-biopsy. Therefore, resistance in this patient may be explained 

by acquisition of a mutation in the ALK kinase domain. Functional analysis of the 

two observed resistance-associated mutations in cell lines has proven their role 

in crizotinib resistance16, 19. The G1269A mutation is located close to the crizotinib 

binding site and induces a stronger resistance towards crizotinib than the C1156Y 

mutation16. In conclusion, the novel fusions found in the three AC patients seem 

unlikely to be related to ALK-TKI resistance due to presence of other ALK-

dependent mechanisms. 

 

In summary, in this thesis we presented an overview of the mutated genes in 

lung cancer and we showed that presence of KRAS mutations in NSCLC patients 

was not associated with COPD status, whereas EGFR mutations were significantly 

more common in non-COPD NSCLC patients. We also showed a high level of 

inter-tumor heterogeneity in NSCLC as compared to SCLC and higher levels of 

intra-tumor heterogeneity in primary SCLC in comparison with the corresponding 

metastasis. In addition, we showed that the drug resistance in two patients could 

be explained by gain of known ALK gatekeeper mutations, whereas in the third 

patient ALK-independent factors most likely induced the drug resistance. 
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Future perspectives 

 

COPD-related lung cancer 

We and others found a higher frequency of EGFR mutations in non-COPD 

patients indicative of different pathways for activation of EGFR in COPD patients. 

EGFR amplification is present in a low percentage of NSCLC patients20 and has 

been shown to be associated with EGFR overexpression in NSCLC patient primary 

tumors21-22. Based on these findings it might be of interest to test if EGFR 

amplification in NSCLC is associated with COPD status. Based on our and 

published results, it would be interesting to study presence of EGFR mutations, 

amplification and overexpression, in a large cohort of COPD stratified NSCLC 

patients, to more accurately determine the frequency of each of these three 

mechanisms to determine the EGFR activity status.  

There are several genome wide association studies on lung cancer, COPD and 

lung function4, 23-26, whereas there are no studies comparing the overall 

mutational landscape of COPD-related lung cancer patients compared to those 

patients without COPD. Based on our results, it is worthwhile to investigate a 

larger panel of cancer related genes using targeted DNA sequencing in these two 

groups of patients. It is important to stratify the two patient groups according to 

smoking background, as smoking status is known to influence the number of 

mutations. However, the power of such a study would be a matter of concern. As 

a rule of thumb, differences in mutation frequencies might be low (we observed 

34.2% and 29.8% for KRAS in COPD vs. non-COPD, respectively), indicating that 

(very) large sample sizes will be required to detect such small effects.  

 

Mutation landscape of SCLC 

Several therapeutic targets are clinically available for NSCLC patients, while 

there is not any for SCLC. A first step to improve our knowledge on the genomic 

landscape of SCLC should be focused on using WES (or WGS) in combination with 

RNA-seq on a large set of primary tumors (n>200 similar to the NSCLC studies). 

This can be combined with pathways analysis to pinpoint possible known and 

novel pathways for personalized treatment in SCLC and subsequently testing of 

these targets in pre-clinical studies. 
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Drug resistance 

Mechanisms causing resistance to ALK inhibitors such as crizotinib remain 

unknown for 18-44% of the patients16-17. To accurately establish all possible 

resistance mechanisms to crizotinib, a large study with primary and resistant re-

biopsies needs to be carried out. The most optimal approach would be to 

perform a comprehensive analysis including RNA-seq and WES, even in 

combination with possible epigenetics-based resistance mechanisms to explore 

patterns of resistance mechanisms. Large re-biopsy studies after specific drugs 

can provide evidence of involvement of different genomic and epigenetic 

aberrations in drug resistance. A possible clue of clusters of aberrations may also 

come from meta-analyses of expression studies in lung cancer. The question 

whether these aberrations are functional still need to be answered by 

appropriate in vitro and in vivo studies. 

Recently, there are some studies utilizing large-scale overexpression and 

suppression (7.000-12.000 genes) approaches for functional analysis in cell 

lines27-28. The overexpression approach is currently being applied to discover new 

resistance mechanisms and to confirm some of the known mechanisms in ALK-

positive lung cancer cells27. These techniques can be of great benefit to the field 

of drug resistance and can also be used for other molecular targets such as EGFR. 

Overexpression of genes in TKI responding cell lines and treating them with 

different drugs may result in identification of novel resistance associated genes. 

In addition, this approach might also be used to confirm proposed and known 

mechanisms.  

There are no studies applying large-scale gene knockdown analysis for 

discovery of mechanisms explaining drug resistance. One approach to select 

candidate genes could be to identify genes differentially expressed between a 

resistant subclone and the parental responding cell line. These candidates could 

be tested in relation to drug resistance in vitro. It has been shown that some long 

non-coding RNAs (lncRNAs) are associated with drug resistance. For instance, 

lncRNAs CUDR, PANDA and H19 have been shown to be overexpressed during 

drug resistance29. As an alternative to target protein-coding genes, it would be of 

interest to select lncRNAs overexpressed in resistant cells for a high throughput 

knockdown study.  

One of the important things that could help physicians in treating patients 

with cancer is to identify the next driver event leading to resistance in patients 

treated with targeted drugs. Examples are EGFR inhibitors for EGFR aberrations; 
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BRAF inhibitors for BRAF mutations and ALK/ROS1 inhibitors for ALK and ROS1 

break positive cases. Resistance occurs after months and pre-clinical evidence 

shows increased inhibition by adding MEK or ERK inhibitors. Combination 

treatment is therefore a next step that has to be explored in clinical trials. 

Moreover, exploration of new resistance mechanisms such as gatekeeper 

mutations or the development of specific inhibitors for effector proteins such as 

ERK, AKT, or MAPK would be suitable targets for pharmaceutical companies. It 

would also be helpful to have a complete genomic profile of responsive and 

resistant ALK-positive or EGFR-mutant-positive cell lines to find genomic 

aberrations associated with drug resistance. 

Early detection of resistance will allow faster response time for clinicians and 

possibly prolong survival. More than 70% of the ubiquitous and non-ubiquitous 

mutations in primary and metastases of prostate cancer can be identified in 

circulating tumor cells (CTCs)30. This underscores the importance of these CTCs in 

metastasis and tumor expansion and implicates their potential value in early 

detection of resistance. Isolation of CTCs during and after treatment and the 

subsequent targeted analysis of known genomic resistance mechanisms might 

allow early detection of resistance. In addition, we can use whole genome 

amplification on DNA samples isolated from CTCs during treatment, followed by 

WES30 to generate a mutation profile for both CTCs and pre-treatment primary 

tumor. Thus, we may be able to identify novel resistance mechanisms in patients 

treated with TKIs.  

 

NGS in diagnostic laboratories  

Molecular diagnostic testing is done based on tumor histological subtype. It 

is a time consuming procedure that is frequently done in a two subsequent steps, 

i.e. mutation analysis for EGFR, KRAS and BRAF, followed by a FSH analysis to 

detect breaks in ALK, ROS1, RET. As new targets are coming up, the diagnostic 

gene panel must be flexible and expandable. All these tests take several days and 

can be done only if the tumor content of the biopsy is above 20%. New 

developments in NGS technologies not only allow higher depth of sequencing, 

but also allow combined identification of different types of genomic aberrations 

in a single test, for example mutations, amplifications and fusion genes in a 

quantitative manner. This may reduce the turnover time and allow a more 

sensitive and more automated detection of all treatment relevant aberrations. 

Overall, combination of all relevant diagnostic tests on a single platform can 
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increase the turnaround time and efficiency of diagnostic tests. However, cost 

effectiveness of this type of tests should be taken into account, as insurance 

companies must cover the expenses. 
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Nederlandse samenvatting  
 

Het doel van dit promotie onderzoek was het bestuderen van genetische 

veranderingen in longkanker geassocieerd met tumorprogressie en resistentie 

tegen gen specifieke therapie.  

 

In hoofdstuk 2 geven we een overzicht van de op dit moment bekende gen 

mutaties in longkanker. Recente studies gebaseerd op de zogenaamde “next 

generation” sequentie (NGS) analyse technieken hebben geresulteerd in een 

gedetailleerd overzicht van de genetische veranderingen die in longkanker voor 

kunnen komen. Sommige veranderingen zijn essentieel voor de groei en 

overleving van tumorcellen en vormen een mogelijk aangrijpingspunt voor 

therapie. Voorbeelden van genen waarbij deze zogenaamde “driver” 

veranderingen voorkomen zijn EGFR, BRAF, ERBB2 in long adenocarcinomen (AC), 

NFE2L2 en de familie van JAK kinase genen in long plaveisel cel carcinomen 

(SQCC). Tot slot geven we een overzicht van de op dit moment gebruikte 

doelgerichte (“targeted”) therapieën in longkanker patiënten, zoals remmers van 

EGFR en ALK en de op dit moment bekende resistentie mechanismen. 

 

In hoofdstuk 3 hebben we in een groep van 325 longkanker patiënten 

onderzocht of mutaties in de KRAS en EGFR genen geassocieerd zijn met COPD-

status. We vonden geen significante verschillen in het percentage KRAS mutaties 

tussen longkanker patiënten met of zonder COPD. De frequentie van KRAS 

mutaties was hoger in vrouwen en deze associatie was sterker dan de associatie 

met roken. Rook-geïnduceerde mutaties, de zogenaamde transversies, kwamen 

significant meer voor in rokende vrouwen dan in rokende mannen. Dit was 

opmerkelijk aangezien vrouwen minder hadden gerookt dan mannen. Het 

impliceert dat vrouwen gevoeliger zijn voor de in sigarettenrook aanwezige 

carcinogenen dan mannen. EGFR mutaties kwamen significant meer voor bij 

longkanker patiënten die geen COPD hadden dan bij longkanker patiënten met 

COPD.  

 

In hoofdstuk 4 hebben we de genomische heterogeniteit van primaire 

longtumoren onderzocht door middel van een op NGS gebaseerde analyse van 

alle eiwit coderende genen van het humane genoom. Bij vijf verschillende 

patiënten met longkanker hebben we het mutatiespectrum van primaire tumor 
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vergeleken met de bij dezelfde patiënt ontstane metastasen. In de drie patiënten 

met een niet-kleincellig longcarcinoom vonden we dat ongeveer de helft van de 

mutaties aanwezig was in alle tumor locaties, terwijl de overige mutaties 

specifiek waren voor één of enkele van de tumoren van de patiënt. In de twee 

patiënten met kleincellig longkanker waren juist meer dan 90% van alle mutaties 

aanwezig in alle tumoren, zowel in de primaire tumor als in de metastasen. Deze 

analyse toonde aan dat er veel meer  heterogeniteit tussen de tumoren bestaat 

bij patiënten met niet-kleincellig ten opzichte die met kleincellig longkanker. 

Vervolgens hebben we ook naar tumor heterogeniteit in kleincellig longkanker 

gekeken met een NGS analyse van individuele cellen. Deze analyse toonde aan 

dat er meer heterogeniteit in de primaire tumor bestaat dan in de metastasen. 

Daarnaast konden we ook aantonen dat twee van 83 cellen van de primaire 

tumor een profiel hadden dat overeen kwam met het profiel van de metastasen. 

De grote mate van heterogeniteit in longkanker is belangrijk voor de moleculaire 

diagnostiek en onze bevindingen geven aan dat het belangrijk is om 

representatieve tumorbiopten te verkrijgen voor de diagnostiek.  

 

In hoofdstuk 5, hebben we onderzocht of behandeling-geïnduceerde fusie genen 

een mogelijk resistentiemechanisme zouden kunnen zijn in crizotinib-behandelde 

ALK breuk positieve longkanker patiënten. We hebben hiervoor gebruik gemaakt 

van een op de analyse van RNA gebaseerde “paired-end” NGS techniek. In eerste 

instantie hebben we een pilot studie gedaan om inzicht te krijgen in het DeFuse 

data analyse software pakket dat ontwikkeld is voor het aantonen van fusiegenen 

(hoofdstuk 5A). DeFuse analyse van NGS data van één longtumor resulteerde in 

85 mogelijke fusiegenen. Op basis van de handmatige inspectie van de door 

DeFuse voorspelde fusiegenen, o.a. gebruik makend van visualisatie software IGV 

en de UCSC browser, konden we criteria opstellen op basis waarvan we het 

aantal door DeFuse voorspelde fusiegenen konden terugbrengen naar zeven. Vier 

van deze zeven fusiegenen codeerden volgens DeFuse voor een eiwit. Aan de 

hand van experimentele validatie konden we drie van de vier voorspellingen 

bevestigen. Het vierde voorspelde fusie gen konden we niet met een tweede 

techniek aantonen. Het bleek een sequentie te zijn in een EST rijk gebied. Op 

basis van deze pilot studie hebben we een procedure vastgesteld die we gebruikt 

hebben voor de tumor samples in hoofdstuk 5B.  
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In hoofdstuk 5B hebben we in drie longkanker patiënten, die na een initieel 

goede tumor response op crizotinib resistentie ontwikkelden, onderzocht of er 

therapie-geïnduceerde fusiegenen zijn ontstaan. We vonden in totaal zeven 

mogelijke fusie genen in deze drie patiënten. Alle drie patiënten hadden zoals 

verwacht een ALK fusiegen. Van de overige vier fusiegenen was er slechts één die 

ook codeerde voor een fusie eiwit product. Dit fusie gen konden we ook 

aantonen in het tumorweefsel van voor de behandeling. Dit fusie gen was dus 

geen nieuw door crizotinib geïnduceerd fusie gen en heeft waarschijnlijk niets te 

maken met de resistentie. Verdere inspectie van de NGS data toonde bij twee 

van de drie patiënten een de novo mutatie in het ALK gen aan. Van deze mutaties 

was reeds bekend dat ze resistentie konden induceren. Voor de derde patiënt 

blijft de resistentie inducerende verandering onbekend.  

 

Samenvattend, hebben we in dit promotie onderzoek aangetoond dat mutaties in 

het KRAS gen in longtumoren niet geassocieerd zijn met COPD, terwijl dit voor 

EGFR wel het geval is. Daarnaast hebben we aangetoond dat er veel meer inter-

tumor variatie is in niet-kleincellig longtumoren ten opzichte van kleincellig 

longkanker. Tot slot hebben we aangetoond dat het minder waarschijnlijk is dat 

crizotinib resistentie geassocieerd is met het ontstaan van nieuwe fusie genen.  
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بررسی داده های بدست آمده از آر اِن اِی سکوئنسینگ ما توانستیم دو جهش ژنتیکی در قسمت کیناز 

که قابلیت القای مقاومت دارویی را داشتند را در نمونه های بعد از مقاومت دارویی دو بیمار  ALKژن 

ران نشان از عدم مطالعه این جهش ها در نمونه های قبل از مقاومت دارویی این بیما. شناسایی کنیم

با توجه در مجموع، . در این نمونه ها داشت زیرگروه های خرد سلولیوجود این جهش ها به صورت 

و حضور جهش های القاکننده مقاومت  هر دو گروه از نمونه ها درتایید شده به وجود دو ترنسلوکیشن 

ایجاد مقاومت دارویی در این  بسیار نامحتمل به نظر میرسد که این ترنسلوکیشن های جدید در دارویی،

از سه بیمار مورد مطالعه قرار گرفته شده، علت  نفر، در دو خالصهبطور .بیمار نقشی داشته باشند دو

میگردد و در بیمار دیگر همچنان علت مقاومت دارویی، اومت دارویی به جهش های مذکور برمق

 .نامشخص باقی مانده است
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 ر سلولهای سرطانیناهمگونی ژنتیکی د
در فصل چهارم ما به بررسی ناهمگونی ژنتیکی در سلولهای سرطانی در نمونه های تومور اولیه و 

تکنیک  با استفاده از SCLCو  NSCLCمتازتاز در بیماران مبتال به سرطان ریه در دو نوع 

ین مطالعه، الگوی بر اساس ا. در بدن انسان پرداختیم "تمامی اگزون های ژنهای موجود نگسکوئنسی"

بطور . می باشد SCLCمتفاوت از نوع  NSCLCجهش ژنها به طور معنی داری در سرطان ریه از نوع 

بین تومور اولیه و تومورهای متازتاز مشترک بود در  NSCLCها در نوع  از جهش% 05خالصه، حدود 

ن تعداد زیادی ما همچنی. می رسید% 50به  SCLCهای مشترک در نوع  حالیکه میزان این جهش

جابجایی های کروموزومی در این دو نوع سرطان ریه مشاهده نمودیم و البته تفاوتهای محرزی هم بین 

تومور اولیه و متازتازهای مختلف قابل مشاهده بود که نمایانگر تکامل سلولهای سرطانی در مراحل 

حکایت از وجود  NSCLCهای غیر مشترک در نوع  میزان باالی جهش. مختلف بیماری میباشد

زیرگروه های مختلف سلولی در تومور اولیه دارد و این میتواند میزان باالی ناهمگونی های ژنتیکی در 

بطور خالصه، مطالعه حاضر نشان از . نمونه های یک بیمار در این نوع از سرطان ریه را توضیح دهد

ما همچنین برای درک . اردد SCLCدر مقایسه با تکامل خطی در  NSCLCتکامل شاخه ای در نوع 

سلول از  59سلول از تومور اولیه و  59بهتر میزان ناهمگونی های ژنومی در سلولهای سرطانی، تعداد 

مورد بررسی قرار دادیم که به طور  "سینگل سل سکوئنسینگ"را با تکنیک  SCLCتومور متازتاز نوع 

ما همچنین توانستیم وجود . متازتاز بودمحسوسی میزان ناهمگونی در تومور اولیه باالتر از تومور 

 .را به اثبات برسانیم ندزیرگروه های خرد سلولی در تومور اولیه را که بنیانگذار تومور متازتاز بود
 

 ترنسلوکیشن ها و مقاومت دارویی
ما ارتباط ترنسلوکیشن های جدید القا شده بر اثر دارو را با مقاومت دارویی ارزیابی  ،این مبحثدر 

و استفاده از  "آر اِن اِی سکوئنسینگ"از این فصل ما با بکارگیری تکنیک  "الف"در بخش . دیمکر

وکیشن های سیلترهای موثری را برای تشخیص ترننرم افزارهای آنالیز داده در یک بیمار توانستیم ف

لترهای از فصل پنجم با استفاده از تکنیک و فی "ب"در بخش . واقعی از مثبتهای کاذب طراحی کنیم

توانستیم چهار ترنسلوکیشن جدید در نمونه های به دست آمده بعد از مقاومت  "الف"مشابه در بخش 

ما همچنین توانستیم با . شناسایی کنیم -که تحت درمان با کریزوتینیب بودند-دارویی از سه بیمار

 را ین را داشتوجود دو ترنسلوکیشن که یکی از آنها قابلیت ترجمه شدن به پروتی RT-PCR تکنیک

 با ،عالوه بر این .دست آمده قبل و بعد از مقاومت دارویی در این بیمارن تایید نماییمدر نمونه های ب
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 خالصه
 

بررسی دگرگونی های ژنتیکی در سرطان ریه  و ارتباط دادن این تغییرات به مسیر  هدف این پایان نامه

 .بر درمان می باشدتکاملی سلولهای سرطانی و مقاومت این سلولها در برا
 

 نمای کلی از دگرگونیهای ژنومی و هدفهای بالقوه در درمان
 های ژنتیکی در ژنهای مختلف در سرطان ریه از در فصل دوم این کتاب ما یک نمای کلی از جهش

همچنین یک نمای همه . ارایه داده ایم KRASو  EGFRقبییل جهش در ژنهای شناخته شده ای چون 

که از نسل دوم تکنولوژیهای مورد استفاده در سکوئنسینگ ژنوم بهره -های اخیر علمیجانبه از یافته 

مطالعات اخیر اطالعات جامعی را با استفاده از . را در اختیار خوانندگان این کتاب قرار داده ایم-برده اند

تیین های هدف این نوآوریها در اختیار دانشمندان قرار داده است که از آنها میتوان  برای یافتن پرو

کینازها،  JAKبه عنوان نمونه میتوان از اعضای خانواده . بالقوه در درمان سرطان ریه استفاده نمود

ERBB2  وNFE2L2  نام برد که قابلیت مورد هدف قرار گرفتن را در برخی از انواع سرطان ریه دارا

درمانهای هدفمند رایج و مکانیسم  عالوه بر این ما سعی کرده ایم در این بخش، نمایی کلی از. می باشند

 .هایی که به مقاومت دارویی در مبتالیان به این بیماری منتهی میشود ارایه دهیم
 

 در بیماران مبتال به سرطان ریه و انسداد ریوی مزمن EGFRو  KRASجهش در ژنهای 
ن ریه بیمار مبتال به سرطا 590در  EGFRو  KRASدر فصل سوم ما به بررسی جهش در دو ژن 

بر . ها با وقوع انسداد ریوی در این بیماران را ارزیابی نمودیم پرداخته ایم و ارتباط احتمالی این جهش

در  KRASاساس نتایج به دست آمده در این مطالعه، هیچ تفاوت معنی داری بین فراوانی جهش در ژن 

. به این بیماری نبوده اند، یافت نشددو گروه از بیماران مبتال به انسداد ریوی مزمن و بیمارانی که مبتال 

ما همچنین  .به طور معنی داری در زنان بیشتر از مردان مشاهده شد KRASجهش در ژن  ،در این مطالعه

عالوه بر این،  .ارتباط معنی داری بین جهش های مذکور و مصرف سیگار در بیمارن مشاهده نمودیم

مرتبط با سیگار کشیدن بودند به طور معنی داری در زنان سیگاری بیشتر از  KRASهایی که در  جهش

حساس تر بودن زنان به  این یافته تاییدکننده نتایج تحقیقات گذشته مبنی برمردان سیگاری بود که 

در بیماران  EGFRهمچنین فراوانی جهش در ژن . بوددود سیگار نسبت به مردان مواد سرطان زا در 

 .سداد ریوی مزمن به طور محسوسی کمتر از  بیمارانی که ابتال به این بیماری نداشته اند، بودمبتال به ان
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