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ABSTRACT 

 

Introduction: Understanding the molecular signatures of lung cancer is 

important to apply appropriate targeted therapies. RNA sequencing is a 

powerful tool to understand the genetic basis of cancer as a whole, including 

somatic point mutations, fusion genes, exon-skipping events and gene 

expression outliers. Although many driver mutations of lung adenocarcinoma 

have been reported so far, still ~40% lung adenocarcinomas do not show any 

known driver mutations, which makes it difficult to prepare proper ways of 

cancer treatment. 

Methods: A total of 200 fresh surgical specimens of primary lung 

adenocarcinoma we collected were initially screened for three major driver 

mutations (point mutations of EGFR and KRAS, EML4-ALK fusion). Then, 

we extracted mRNAs from remaining 87 cancers and performed high-

throughput RNA sequencing. If available, RNA and exome of adjacent 

normal lung tissues were also sequenced. Through subsequent analysis of 

sequencing reads and cancer-normal comparison, we comprehensively 

profiled transcriptional mutations of lung adenocarcinoma. 

Results: Among 87 sequenced specimens, 47 cancers (52%) harbored known 

driver point mutations of lung adenocarcinoma including mutations in EGFR, 

KRAS, NRAS, BRAF, PIK3CA, MET and CTNNB1. We discovered 43 

validated in-frame fusion genes across 87 cancers including 4 novel fusion 

genes with protein tyrosine kinase genes (CCDC6-ROS1, FGFR2-CIT, AXL-
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MBIP and SCAF11-PDGFRA) which can be molecular drivers of 

corresponding cancers. Exon14 skipping of MET proto-oncogene (n=3) was 

another type of cancer driver and through gene expression analysis we found 

many cancer outlier genes which may contribute to inter-tumor heterogeneity 

or play a role as novel cancer drivers in driver-unidentified cancers. We 

examined a relationship between smoking and lung cancer in several aspects 

and identified genomic blocks in which gene expression levels are 

coordinated with each other, which can be linked to DNA copy number 

alterations. Lastly, we revealed the effect of TP53 mutations on lymph node 

metastasis. 

Conclusions: We went through a diverse spectrum of transcriptional 

mutations of lung adenocarcinoma. To our knowledge, this is the first large-

scale study of lung adenocarcinoma and these findings will broaden our 

understanding of lung adenocarcinoma and may also lead to new therapeutic 

approaches. 

 

 

---------------------------------------------------------------------------------------------- 

This study was published in Genome Research (ISSN: 1088-9051/1549-5469), 

22(11):2109-19 and I participated in this work as the 1st author. 

 

Keywords: lung adenocarcinoma, RNA sequencing, driver mutation, 

fusion gene 

 

Student number: 2011-30632 
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INTRODUCTION 

 

Lung cancer is the most common cancer in humans, as well as the leading 

cause of cancer-related death worldwide [1]. Although diagnosis at an early 

stage is increasing with the introduction of low-dose computerized 

tomography screening, lung cancer is still a devastating disease which has a 

very poor prognosis [2]. Lung cancer has been classified based on 

histopathologic findings: adenocarcinoma is the most common type, which 

frequently occurs in never- or light-smokers and female patients [3]. In the 

past decade, adenocarcinoma has been at the center of lung cancer research: 

our understanding of this disease has advanced in every aspect including 

pathology, molecular biology, genetics, radiology, and clinical therapeutics. 

 

In particular, advances in the understanding of the major genetic alterations 

and signaling pathways involved have suggested a reclassification of lung 

adenocarcinoma based on underlying genetic changes. Cancer cells with these 

genetic alterations, called “driver mutations”, have survival and growth 

advantages over cells without these changes [4]. Driver mutations occur in 

genes that encode signaling proteins such as kinases; this can generate a 

constitutively active survival signal, which initiates and maintains 

tumorigenesis. 
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Currently, approximately ten driver mutations are known in lung 

adenocarcinoma [5], and several drugs targeting these alterations have 

reported remarkable outcomes in recent trials. For example, Gefitinib, an 

epidermal growth factor receptor (EGFR) tyrosine kinase inhibitor, yielded a 

response rate of about 70% and progression-free survival of 10 months in 

patients with an EGFR-activating mutation, proving superiority over 

platinum-based doublet chemotherapy in two recent large phase III clinical 

trials [6, 7]. Crizotinib, a dual inhibitor of anaplastic lymphoma kinase (ALK) 

and MET tyrosine kinase, has shown efficacy in a recent phase I trial of lung 

cancer patients harboring ALK fusion [8, 9]. From these pivotal studies, 

treatment strategies of lung adenocarcinoma have shifted from a histology-

based approach to driver mutation-directed therapies. More recently, two new 

transforming fusion genes containing protein tyrosine kinase (KIF5B-RET and 

ROS1 fusions) were also identified [10, 11]. Nevertheless, we still do not 

know the molecular drivers of about 40% of lung adenocarcinomas. 

 

Interestingly, the frequencies of some driver mutations have been shown to be 

significantly different between ethnic groups [12], and therefore 

comprehensive genetic studies are necessary to find new druggable targets 

and targeted treatments of lung cancer. 

 

In this study, we broadly surveyed genetic alterations in 200 fresh surgical 

specimens of lung adenocarcinoma, 87 of these were analyzed by 

transcriptome sequencing combined with whole-exome (n=76) and 



3 

 

transcriptome sequencing (n=77) for matched adjacent normal tissue samples. 

Transcriptome sequencing is a powerful method for detecting driver 

mutations in cancer, since not only somatic point mutations but also aberrant 

RNA variants such as fusion genes and alternative splicing can be examined. 

Though advances in genomic technologies have enabled genome-wide 

analyses of cancers, to our knowledge this is the first large-scale study of lung 

adenocarcinoma using RNA sequencing. 
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MATERIALS AND METHODS 

 

High-throughput sequencing of RNA and exome 

 

The Institutional Review Board of Seoul National University Hospital 

(Approval # C-1111-102-387) and Seoul St. Mary’s Hospital (Approval # 

KC11TIS10678) approved this study. 

 

For RNA sequencing, we extracted RNA from tissue using RNAiso Plus 

(Takara Bio Inc.), followed by purification using RNeasy MinElute (Qiagen 

Inc.). RNA was assessed for quality and was quantified using an RNA 6000 

Nano LabChip on a 2100 Bioanalyzer (Agilent Inc.). The RNA-Seq libraries 

were prepared as previously described [13]. 

 

For exome sequencing, genomic DNA was extracted from matched normal 

tissues and two cancer tissues (LC_C5 and LC_C21 for validation purposes). 

Genomic DNA (3μg) from each sample was sheared and used for the 

construction of a paired-end sequencing library as described in the protocol 

provided by Illumina, Inc. Enrichment of exonic sequences was then 

performed for each library using the SureSelect Human All Exon 50Mb Kit 

(Agilent Inc.) following the manufacturer's instructions. 

 



5 

 

Libraries for RNA and exome sequencing were sequenced with Illumina 

TruSeq SBS Kit v3 on a HiSeq2000 sequencer (Illumina, Inc.) to obtain 100-

bp paired-end reads. The image analysis and base calling were performed 

using the Illumina pipeline (v1.8) with default settings. 

 

Sequence analysis 

 

RNA and exome sequencing reads were both mapped to the NCBI human 

reference genome assembly (build 37.1) using GSNAP [14] with allowance 

for 5% mismatches. Similarly, the RNA sequencing reads were also mapped 

to a cDNA set consisting of 161,250 mRNA sequences obtained from public 

databases (36,742 RefSeq, 73,671 UCSC, and 161,214 Ensembl) to decrease 

the false positives and false negatives in variant detection from RNA 

sequencing data [10, 13]. Gene expression levels were calculated in RPKM 

units [15] using RNA data aligned on mRNA sequences. 

 

Somatic point mutation discovery 

 

From the transcriptome sequencing data, we discovered somatic point 

mutations such as single nucleotide variations (SNVs) and short indels only 

found in cancer. SNVs and indels were called according to the following three 

conditions. 
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(i) The number of uniquely-mapped reads at the locus should be ≥ 3. 

(ii) The average base quality for the locus should be ≥ 20. 

(iii) The mutation allele proportion at the locus should be ≥ 10%. 

 

We only accepted the variants commonly identified from both the genome 

and the mRNA alignment to obtain a reliable list of variants. 

 

Gene annotation for the variants was performed with respect to RefSeq genes. 

To identify somatic mutations, we removed SNVs and indels also identified in 

the normal tissue counterparts (whole-exome and transcriptome sequencing). 

For cancer tissues whose adjacent normal tissue was not available, we 

removed SNVs and indels if they are found in normal human populations 

(variants identified from phase I of the 1000 Genomes Project [16], variants 

with minor allele frequency > 1% from dbSNP 132 [17], and variants 

identified in normal Korean individuals [13]). These filtration steps might fail 

to remove some rare germ line mutations if the position was insufficiently 

covered in normal exome and transcriptome sequencing. However, we mostly 

focused on recurrent mutations in the later analysis, which are highly unlikely 

to include rare germ line mutations. 
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Fusion gene detection and validation 

 

We identified in-frame fusion genes by using the GFP program we developed 

in our previous publication [10]. The GFP extracts two types of fusion gene 

evidence: discordant read pairs, where two reads of a pair are aligned to 

distinct genes and fusion-spanning reads across the exonic fusion break point. 

An initial list of candidate fusion genes is generated by searching for fusion 

genes with both at least one discordant read pair and at least two fusion-

spanning reads. Additional filtration steps (homology filter, fusion-spanning 

read filter and fusion point filter; explained further below) were followed to 

remove false positive discoveries (Figure 1-(A)). 

 

(i) Homology filter 

If a gene has highly homologous other genes, reads from the gene can be 

aligned to the other genes, generating false positive fusion gene discoveries. 

We checked the sequence homology of two fused genes by BLAST [18]. We 

utilized bl2seq (BLAST 2 Sequence) in the BLAST package and removed 

fusion gene candidates in which two genes are highly homologous (E-value < 

0.01). 

 

(ii) Fusion-spanning read filter 

Fusion-spanning reads are accepted as real fusion-spanning reads when they 

cover at least 10bp of both fused genes. 
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(iii) Fusion point filter 

Genuine fusion points are expected to show a stacked/ladder-like pattern with 

more than two fusion-spanning reads [19]. If there is a PCR duplication 

process, we cannot expect this pattern. We accepted fusion points showing 

more than 3bp shifting pattern around them. 

 

In this study, we also checked read depth along each exon of genes reported in 

a list of candidate fusion genes because abrupt exonic expression change 

around fusion gene breakpoints has been known to be a hallmark of fusion [10, 

20]. We defined proximal fusion genes (<200 kb) as read-through transcripts 

and did not report them because we believe that they do not accompany 

genomic rearrangements, e.g. translocation, inversion or large deletion. 

Donor/acceptor gene relationship is determined by referring to read strand 

information shown in Figure 1-(B). Lastly, we manually checked exonic 

frames and removed off-frame fusion genes. 

 

Validation of fusion genes was done using PCR amplification of fusion gene 

breakpoints of chimeric cDNA and Sanger sequencing. The PCR reaction 

were 10 min at 95℃; 30 cycles of 30 sec. at 95℃, 30 sec. at 62℃ and 30 sec. 

at 72℃ and finally 10 min at 72℃. 
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(A) 

 

(B) 

 

 

Figure 1. Gene fusion evidence with filtering conditions and criteria to 

determine donor/acceptor gene relationship. 
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Somatic exon-skipping events 

 

First, spliced sequencing reads supporting novel exon combinations (exon-

skipping) compared to the definition of RefSeq genes were extracted from the 

cancer samples. For candidate skipped exons supported by at least two exon-

skipping spliced reads, we obtained the expression levels for the candidate 

exon and its neighboring exons in terms of RPKM. Since the expression level 

for an exon is correlated with the expression level for the gene from which it 

derives, the expression of the exons was normalized by the expression level of 

the gene to which they belong. Next, the fold change between the 5’ 

neighboring and the 3’ neighboring exon with the candidate exon was 

calculated and averaged. With an assumption of normal distribution, a z-value 

for the fold change is obtained by considering all the fold changes calculated 

in the same manner in all the normal samples (n=77). If any of the normal 

averaged fold changes was less than 0.9, the candidate skipped exon was not 

further considered. 
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Differentially expressed gene selection and gene ontology 

analysis 

 

Initially, the expression levels for 36,742 RefSeq genes were measured by 

uniquely-mapped sequencing reads. For each gene, the number of reads 

mapped to it (raw read count) was normalized by RPKM (reads per kilobase 

per million mapped reads) [15]. We excluded genes with either RPKM < 1.0 

or coefficient of variation (CV) < 0.7 to remove genes which are not 

informative for clustering. This results in a total of 3,051 unique genes. Log2 

transformation and additional row-wise and column-wise normalization was 

applied, and hierarchical clustering was done by Gene Cluster 3.0 software 

[21] with default parameters, correlation (uncentered) and complete linkage. 

A heatmap was drawn by R package function heatmap.2. 

 

Finally, we referred to the hierarchical tree generated by the clustering process 

and selected differentially expressed genes (DEGs), which were then enriched 

with gene ontology (GO) using a web-based bioinformatics tool, DAVID [22]. 

Among all the enriched biological process GO terms, only the terms at false 

discovery rate (FDR) 5% were accepted and we manually merged the terms to 

more generalized representations. 
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Cancer outlier gene (COG) detection 

 

Cancer outlier gene is a gene which is extremely highly expressed only in a 

subset of cancers. We assessed the expression levels of 36,742 RefSeq genes 

across all the RNA-Seq data (n=164). We modified previously suggested 

methods [23, 24] and the detection pipeline is as follows. 

 

(i) All the expression values are subtracted by their median, which sets the 

gene’s median close to zero (location normalization). 

(ii) All the expression values are divided by their median absolute deviation 

(MAD) (scale normalization). 

(iii) Given a set of normalized expression values, q75 + 3*IQR is defined as 

an outlier cutoff (Figure 2), where q75 is the 75
th 

percentile expression value 

and IQR (inter quartile range) is an absolute difference between 25
th 

and 75
th 

percentile expression values. An expression value is accepted as an outlier 

when its original RPKM ≥ 1.0 and its normalized expression value exceeds 

the estimated outlier cutoff. 

(iv) Genes showing an outlier pattern in any normal samples are excluded. 

(v) Finally, the genes which exhibit the outlier pattern in at least one cancer 

sample are chosen as candidate cancer outlier genes. 

 

The outlier score for a given cancer outlier gene is calculated by summing all 

the normalized expression values satisfying the outlier criteria, and the 
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average outlier score is obtained to nominate the outlier genes by their 

significance. 
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Figure 2. Estimation of cancer outlier cutoff. 

For each gene, a total of 164 expression values are used to estimate a cancer 

outlier cutoff threshold. 
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Jointly regulated block (JRB) identification 

 

We generated the gene expression signatures of each cancer sample by 

matching expression levels in a cancer tissue to the average in adjacent 

normal tissues (n= 77). The gene set for analysis was formed from 36,742 

transcripts in the RefSeq database, which yielded 22,427 genes after filtering 

out redundant entries. 

 

To quantify relative expression, we compared the expression level of a gene 

in a cancer sample with those of all 87 cancer tissues and calculated a 

normalized z-score by the equation below. 

 

(  
                                         

                  
). 

 

During this process, genes with low expression levels (maximum expression < 

3 RPKM) or genes with small variance in expressions (relative standard 

variation < 0.1) were removed, since signal to noise ratio for these genes is 

not sufficient. This left 16,419 genes for further investigation. 

 

Given a set of z-scores, we calculated the moving-average of 10 z-scores by 

walking through the chromosomes. An up-regulated JRB is defined as starting 

at a gene with a z-score > 1.5 and extending in both directions until a z-score 

< 0.5 is reached. Once its boundary is determined, the JRB must satisfy at 
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least one of the three criteria as follows. (i) more than 40 genes within a block 

(ii) more than 20 genes in a block, and an average z-score > 1.2 (iii) an 

average z-score > 2.0. On the other hand, we applied slightly different 

conditions in discovering down-regulated JRBs to increase the sensitivity. A 

down-regulated JRB is defined as starting at a gene with a z-score < -1.0 and 

extending in both directions until a z-score > -0.5 is reached. Then the JRB 

must satisfy at least one of the three criteria as follows. (i) more than 40 genes 

within a block (ii) more than 20 genes in a block with an average z-score < -

0.8 (iii) an average z-score < -1.0. 

 

The comparison of JRBs and copy number data from Comparative Genomic 

Hybridization array was done by calculating the correlation (r
2
) between the 

averaged z-scores of JRBs and the averaged log2ratio values of probes within 

the same JRBs. CGH array analyses were performed for 9 cancer samples 

(LC_C7, LC_C21, LC_C25, LC_C35, LC_S19, LC_S23, LC_S39, LC_S42, 

LC_S51) and their normal counterparts using a customized Agilent 180K 

CGH array platform [25]. 
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Statistical analyses 

 

Student’s t-test was employed in measuring the differences of the number of 

somatic point mutations and COGs between smokers and never-smokers 

(Figure 13 and 14-(B)). The difference in mutational spectrums was estimated 

by chi-square tests (Figure 14-(A)). Logistic regression analysis was done to 

examine the association between somatic point mutations (known or 

candidate driver mutations and TP53 mutations) and lymph node metastasis 

using gender, age and smoking status as covariates. Two-sided p-values were 

selected in all these statistical analyses. 

 

We performed mutual exclusion and concurrence analysis using genes 

showing ≥ 3 mutations involving somatic point mutations, fusion genes and 

somatic skipping events. For a given pair of mutated genes A and B, the 

number of samples in possible 4 categories (A mutated only, B mutated only, 

A and B both mutated and neither) were estimated. Then Fisher’s exact test 

was done to infer the mutual dependency between the two genes. After two 

genes were determined to be mutually dependent on each other by the Fisher’s 

exact test, their mutual exclusion/concurrence was then determined by 

calculating Pearson’s correlation coefficient, r (mutual exclusion: r < 0 and 

concurrence: r > 0). 
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Data deposit and web-browser 

 

RNA-Seq and exome sequencing data are available at EBI-SRA 

(http://www.ebi.ac.uk/ena/home). 

 

(i) RNA-Seq data: http://www.ebi.ac.uk/ena/data/view/ERP001058. 

(ii) Exome sequencing data: ERP001575. 

 

Gene expression levels for 87 lung adenocarcinomas and 77 adjacent normal 

tissues can be viewed through our web-browser (http://gene.gmi.ac.kr) and at 

the Gene Expression Omnibus (GEO) under accession number GSE40119. 

  

http://www.ebi.ac.uk/ena/home
http://www.ebi.ac.uk/ena/data/view/ERP001058
http://gene.gmi.ac.kr/
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RESULTS 

 

Samples analyzed in this study 

 

A total of 200 fresh surgical specimens of primary lung adenocarcinoma were 

collected from patients who underwent major lung resection at Seoul National 

University Hospital (n=164) and Seoul St. Mary’s Hospital (n=36). Twenty 

patients from our previous report were included in this cohort [10]. Among 

the 200 cancer patients, the proportions of females and never-smokers were 

54.5% (n=109) and 58.0% (n=116) respectively. The high frequency of 

females and never-smokers was similar to that of lung adenocarcinoma in 

East Asian [26]. 

 

We performed genetic screening tests for three well-known driver mutations 

in a subset of the 200 lung adenocarcinoma tissues by methods previously 

reported (exon 18-21 of EGFR by PCR and Sanger sequencing [27] (n=164); 

exon 2 of KRAS by PCR and Sanger sequencing [28] (n=37); EML4-ALK 

fusion genes for by fluorescent in-situ hybridization [9] (FISH; n=163)). Of 

the 200 cancer tissues, 110 tissues were positive for driver mutations [5, 29, 

30] in one of EGFR (n=99), KRAS (n=6) and EML4-ALK (n=7), with two 

double-positive samples (1 EGFR+KRAS+ and 1 EGFR+EML4-ALK+). 

Driver mutations in the remaining 90 samples were unknown. 
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We targeted these 90 samples for RNA sequencing. Excluding 3 samples 

which did not pass the RNA quality control, we obtained mRNA sequences 

from 87 lung adenocarcinomas. When available, we performed transcriptome 

(n=77) and whole-exome (n=76) sequencing of adjacent normal lung tissues 

for comparison between cancer and normal tissues. A schematic diagram of 

this study is depicted in Figure 3. All these sequencing experiments were done 

as described previously [13]. 

 

We generated 14,038,673,860 paired-end 101bp-long reads from RNA 

sequencing of 164 samples (87 cancer and 77 corresponding normal tissues). 

On average, the RNA sequencing throughputs were 9.77 and 7.38 Gbp for 

cancer and normal tissues respectively. In the whole-exome sequencing of 76 

normal tissues, we obtained 32.96ⅹ read depth per paired-normal tissue for 

on-target regions. 
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Figure 3. Schematic flow chart summarizing this study. 

A total of 200 lung adenocarcinoma samples were initially screened for three 

driver mutations and mRNAs were extracted from remaining 87 cancers. 

Subsequent RNA and exome sequencing of adjacent normal tissues leaded to 

discovery of a diverse spectrum of transcriptional mutations such as somatic 

point mutations, fusion genes, exon-skipping events and gene expression 

outliers. 
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Somatic point mutations 

 

With our criteria to detect somatic mutations, we identified 4,607 somatic 

non-synonymous single nucleotide variations (SNVs) and 373 somatic coding 

short indels (Figure 4) across 87 sequenced cancer specimens. In order to 

assess the accuracy of our somatic mutation discovery, we performed whole-

exome sequencing of two randomly selected cancer specimens, which 

produced an estimate of 89.2% accuracy (Table 1). 

 

Each cancer genome carried 25 somatic point mutations (median value). 

Among a total of 87 samples, 47 carried driver mutations which are well 

known in lung adenocarcinoma (Table 2). For example, EGFR (in-frame 

deletions (15-18bp) of exon 19 (n=8); L858R (n=13); and G719A (n=1)) and 

KRAS mutations (6 G12C, 6 G12V, 2 G12D, 1 G12S, 2 G13C and 2 G13D) 

were found in 22 and 18 cancer tissues, respectively, in a mutually exclusive 

manner. It indicates that some kind of oncogene addiction mechanism might 

have affected these cancers. Given the fact that there were 99 cancers with 

EGFR mutation and 6 cancers with KRAS mutation in the screening tests, the 

frequencies of EGFR and KRAS mutations in Korean patients were 60.5 % 

(n=121) and 12.0 % (n=24). The frequency of EGFR mutations is a lot higher 

in the cancer samples in this study compared to lung adenocarcinoma in 

Europeans (~10%) as expected [12], but also slightly higher even than that of 

Japanese [26] (49%). 
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Interestingly, six cancer specimens which were negative for EGFR mutations 

by conventional screening tests were discovered to harbor EGFR mutations by 

RNA-Seq, suggesting that RNA-Seq is very sensitive in mutation discovery 

process. 

 

In addition to EGFR and KRAS, other known mutations were also detected in 

BRAF [31] (n=1; V600E), NRAS [32] (n=3; Q61H, Q61L, Q61K), and 

PIK3CA [31] (n=2), which have all been reported as driver mutations of lung 

cancer. In addition, 2 samples carried known activating mutations in well-

known oncogenes confirmed in cancers of other tissues, suggesting those 

mutations are also able to induce lung adenocarcinomas (D32G of CTNNB1 

[33], M1124D of MET [34]). Overall, ~75.5% (n=151/200) of lung 

adenocarcinomas are considered to be driven by these point mutations in the 

200 Korean patients. 

 

To identify functional genes which are frequently mutated in human lung 

adenocarcinoma, irrespective of the specific genomic position at which 

mutation occurs, we collapsed the amino-acid altering somatic mutations 

based on the RefSeq gene affected (Figure 5). Of note, TP53 (22/87) was the 

most frequently mutated gene, confirming its functional importance as a 

tumor suppressor. EGFR and KRAS (the 2nd and 3rd) were also expected to 

be frequently mutated, since they are well known transforming genes. These 

results match with previous findings from DNA sequencing of lung 

adenocarcinomas [35]. Although the specific variants were not recurrent, 
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FAT1, CTNNB1, RET, IGF2R, NOTCH2, NOTCH3, STK11IP and LMTK2 

were also frequently mutated. 
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Figure 4. The number of somatic point mutations for each lung cancer 

specimen. 

Each bar represents the number of somatic single nucleotide variations (SNVs) 

plus the number of short inserts/deletions (indels) (added at the top of the bar) 

for each lung cancer specimen. 
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Table 1. Accuracy of somatic point mutation detection. 

Whole-exome sequencing of patient LC_C5 and LC_C21 were carried out to 

assess the accuracy of RNA-Seq in detecting somatic point mutations. 

Somatic mutations were considered to be validated when ≥ 1 read supporting 

corresponding mutant allele are observed in the exome sequences. The 

numbers in parenthesis are for somatic indels. 

 

Patient 

ID 

# of somatic 

mutations from 

RNA-Seq 

# of somatic 

mutations 

covered ≥ 1 

exome reads 

Validated Validation rate 

LC_C5 
29 

(3) 

28 

(3) 

24 

(2) 

85.7% 

(66.6%) 

LC_C21 
258 

(5) 

252 

(5) 

226 

(4) 

89.6% 

(80.0%) 

Total 
287 

(8) 

280 

(8) 

250 

(6) 

89.2% 

(75.0%) 
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Table 2. List of somatic point mutations in known driver genes of lung 

adenocarcinoma. 

Among 87 specimens, 47 cancers (52%) harbored known driver somatic 

mutations in lung adenocarcinoma except that two PIK3CA mutations were 

concurrent with EGFR and KRAS mutations. 

 

Gene Mutation (sense strand) 
Amino acid 

change 

Number of  

tissues involved 

EGFR micro-deletion on exon 19 E746-T751 8 

 
chr7:55259515 T > G L858R 13 

 
chr7:55241708 G > C G719A 1 

KRAS chr12:25398285 G > T G12C 6 

 
chr12:25398284 G > T G12V 6 

 
chr12:25398284 G > A G12D 2 

 
chr12:25398282 G > T G13C 2 

 
chr12:25398281 G > A G13D 2 

 
chr12:25398285 G > A G12S 1 

NRAS chr1:115256528 A > T Q61H 1 

 
chr1:115256529 A > T Q61L 1 

 
chr1:115256530 C > A Q61K 1 

BRAF chr7:140453136 T > A V600E 1 

PIK3CA chr3:178936091 G > A E555K 1 

 
chr3:178952085 A > G H1047R 1 

MET chr7:116417499 C > G M1106D 1 

CTNNB1 chr3:41266098 A > G D32G 1 
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Figure 5. Frequently mutated genes in 87 lung adenocarcinomas. 

For each gene, the number of somatic point mutations was estimated, 

irrespective of the specific genomic position at which mutation occurs. Only 

top 30 genes are shown. 
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Expression profiling and cancer outlier gene detection 

 

Using the RNA short-read data, we calculated expression levels for all 

currently known RefSeq genes (n=36,742; n=22,427 with redundant genes 

collapsed) in RPKM units [15]. The gene expression profiles are available at 

our cancer-expression browser (http://gene.gmi.ac.kr). Of these 22,427 genes, 

we found evidence for active transcription (average expression level > 1 

RPKM) of 14,740 and 14,076 genes in the cancer and paired-normal tissues, 

respectively. 

 

Hierarchical clustering analysis of 3,051 genes for which expression levels 

showed significant variance among the 164 samples (Methods) categorized 

the genes into three subgroups: a group generally up-regulated in cancer 

(Subgroup 1; n=1,031), generally down-regulated in cancer (Subgroup 2; 

n=1,232) and mixed expression patterns (Subgroup 3; n=614) (Figure 6-(A)). 

These genes clearly differentiate cancer tissues from normal. Gene ontology 

analysis of the genes in group 1, such as CDK1, LYPD3, HIST1H2AC and 

ERBB2, showed enrichment for biological functions associated with mitosis, 

cell adhesion, chromosome organization and cell proliferation (Figure 6-(B)). 

As expected, group 2 included many genes related to normal lung function, 

such as surfactant genes (e.g. SFTPA1). 
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(A) 

 

(B) 

 

 

Figure 6. Gene expression clustering and gene ontology analysis. 
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To identify a subset of genes which are up-regulated not generally but 

exclusively in a small number of cancer tissues only (which could be 

undetected by differentially expressed gene analysis), we performed cancer 

outlier gene analysis. After detecting cancer outlier genes (COGs) from 87 

cancer tissues, we compared these genes with 934 putative cancer related 

genes (union of 462 genes deposited in COSMIC [36] v57 and 515 protein 

kinase genes [37]) to narrow this list down to more functionally relevant 

genes, such as GUCY2C, CDX2, HMGA2, ERN2 and PAX7 (Figure 7-(A)). Of 

these, RET protein tyrosine kinase (3rd strongest COG among protein kinases) 

was especially interesting, since fusion of this gene with KIF5B was recently 

identified as a transforming driver mutation in lung adenocarcinoma [10]. 

 

We found that the number of COGs is highly variable across cancer tissues, 

ranging from 0 to 989, suggesting gene expression profiles are highly diverse 

among cancer tissues (Figure 7-(B)). 
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(A) 

 

(B) 

 

 

Figure 7. Selected cancer outlier genes and numbers of cancer outlier 

genes across 87 lung adenocarcinomas. 
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(A) Cancer outlier genes are sorted by their average outlier score and selected 

if they are protein kinase genes (filled bars) or genes deposited in COSMIC 

database (unfilled bars). The number in the brackets indicate the number of 

cancers (out of 87 cancers), which carry the gene as an expression outlier. (B) 

Numbers of cancer outlier genes are diverse across 87 lung adenocarcinomas. 
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Jointly regulated blocks (JRBs) 

 

Next, we assessed the genomic co-localization of up-regulated (including 

COGs) and down-regulated genes in each of specific cancer sample. 

Interestingly, a subset of over-expressed and under-expressed genes were 

spatially grouped together in the human genome (Figure 8-(A)), forming 

jointly regulated blocks (JRBs) in gene expression. Interestingly, combined 

analyses between comparative genomic hybridization (CGH) array [25] and 

JRBs showed that ~70% of JRBs can be explained by the copy number status 

of the cancer genome (Figure 8-(B)). Recent reports have also showed that 

cancer genomes harbor large hypo-methylated (and hyper-methylated) blocks 

[38, 39], suggesting the combined effect of somatic copy number alterations 

and DNA methylation patterns are likely to induce the complex diversity of 

gene expression profiles in cancer tissues. 

 

Interestingly, smokers (n=47) carried more JRBs in their cancer genome than 

never-smokers (n=36; p-value=0.00046; Figure 9-(A)). This reflects previous 

findings that copy number alterations are more aggressive in cancer genomes 

of smokers, compared to those of never-smokers [40]. However, this should 

be interpreted carefully, since the majority of the never-smoker patients were 

females in our study. 

 

We compared the JRBs identified from 87 lung adenocarcinoma samples. 

This clearly showed that the blocks are not randomly distributed in the human 
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genome (Figure 9-(B)). For example, the short arm of chromosome 7 is 

frequently up-regulated, while the short arm of chromosome 3 is frequently 

down-regulated. These patterns correlate with frequent copy number 

alterations of cancer genomes identified in the previous study [41, 42]. 
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(A) 

 

(B)  

 

 

Figure 8. Jointly regulated blocks identified from gene expression 

signatures. 

(A) Large JRBs observed on chromosome 5 in one cancer sample (patient 

LC_S51) and its high correlation with CGH array results. (Top row) Relative 

expression levels of the genes on chromosome 5 (dots), their moving averages 

-1 

-0.5 

0 

0.5 

1 

1.5 

-2 -1 0 1 2 3 4 

A
v
e
ra

g
e
 l
o

g
2
ra

ti
o

 (
a
rr

a
y
 C

G
H

) 

Gene expression (z-value) 

Patient LC_C21 

Patient LC_S19 

Patient LC_S51 



37 

 

(line along dots) and detected JRBs (horizontal bars). (Middle row) CGH 

array results for patient LC_S51. Log2 ratio of probes (dots) and identified 

copy number alterations (horizontal bars). (Bottom row) Karyogram of 

chromosome 5. (B) Correlation between JRBs and CGH array data. 
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(A) 

 

(B) 

 

 

Figure 9. Relationship between smoking and JRBs, and genome-wide 

JRB distribution. 
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(A) Smoking and JRBs in the cancer genome. (B) The genome-wide 

distribution of JRBs and number of cancers involved. Up-regulated JRBs are 

shown on the right of chromosomes, while down-regulated JRBs are shown 

on the left of chromosomes. 
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Fusion gene analysis 

 

Next, we focused on detecting fusion genes since several transforming fusion 

genes were recently detected in lung adenocarcinoma as driver mutations, 

such as EML4-ALK [8], KIF5B-RET [10, 11, 43] and ROS1 fusions [11]. 

Using the gene fusion program (GFP) described in our previous paper [10], 

we identified 45 in-frame fusion transcripts from the 87 cancer tissues (Figure 

10). Of these, we were interested in 11 gene fusions which include kinase 

genes (Table 3). They were all validated using PCR amplification of cDNA 

and Sanger sequencing. 

 

We identified 1 EML4-ALK, 4 KIF5B-RET, and 3 ROS1 chimeric transcripts 

with different fusion partners among 87 cancer samples. None of the above 8 

cancer tissues carried any known driver point mutations. We note that a 

further 7 cancer tissues with EML4-ALK fusions were identified in the 

original screening test. The frequencies of EML4-ALK, KIF5B-RET and ROS1 

fusions in lung adenocarcinoma were estimated to be 4.0% (8/200), 2.0% 

(4/200) and 1.5% (3/200), respectively. 
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Figure 10. Fusion genes identified from 87 lung adenocarcinomas. 

Circos plot shows 45 fusion genes discovered in this study. Only the protein 

kinase genes and their fusion partner genes are labeled in the outer layer. 
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Table 3. List of 11 selected fusion genes identified from 87 lung 

adenocarcinomas. (*PTK: protein tyrosine kinase) 

 

 
Donor 

gene 
Acceptor 

gene 
Chromosome Type Frequency Distance 

*PTK (known) 
      

 
EML4 ALK chr2 intra 1/87 12.2 Mb 

 
KIF5B RET chr10 intra 4/87 11.2 Mb 

 
CD74 ROS1 chr5;chr6 inter 1/87 - 

 
SLC34A2 ROS1 chr4;chr6 inter 1/87 - 

*PTK (novel) 
      

 
CCDC6 ROS1 chr10;chr6 inter 1/87 - 

 
SCAF11 PDGFRA chr12;chr4 inter 1/87 - 

 
FGFR2 CIT chr10;chr12 inter 1/87 - 

 
AXL MBIP chr19;chr14 inter 1/87 - 

Ser/Thr kinase 
      

(novel) MAP4K3 PRKCE chr2 intra 1/87 6.2 Mb 

 
BCAS3 MAP3K3 chr17 intra 1/87 2.2 Mb 

 
ERBB2IP MAST4 chr5 intra 1/87 0.5 Mb 
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Two ROS1 fusions (CD74-ROS1 and SLC34A2-ROS1) were recently reported 

[11] (Figure 11), however CCDC6-ROS1 has not been identified previously, 

suggesting ROS1 fusions may be highly variable. Interestingly, CCDC6 was 

identified as a 5’ donor gene in lung adenocarcinoma previously[11] 

(CCDC6-RET), indicating that CCDC6-ROS1 would also have transforming 

activity in lung adenocarcinoma. As with other partner genes, CCDC6 has 

coiled-coil domains which would induce dimerization of chimeric ROS1 

protein tyrosine kinases. 

 

Excluding EML4-ALK, KIF5B-RET, CD74-ROS1 and SCL34A2-ROS1, all 

other fusions have not been identified previously, and are therefore considered 

to be novel. However, each of the novel fusion genes was detected in only 1 

cancer tissue, which makes it difficult to estimate their frequency in lung 

adenocarcinoma. FGFR2-CIT, SCAF11-PDGFRA and AXL-MBIP fusions are 

of particular interest (Figure 11), because FGFR2, PDGFRA and AXL are 

well-known protein tyrosine kinases. The fusion proteins translated from the 

fusion genes also carried protein tyrosine kinase domains. The FGFR2-CIT 

and the AXL-MBIP fusion proteins also carried dimerization units, a coiled-

coil and a leucine-zipper domain. The SCAF11-PDGFRA fusion is an 

example of promoter swapping [44]. Interestingly, the cancer samples 

harboring these three fusion genes did not carry any known driver mutations, 

suggesting they may have important roles in their cancers’ transformations. 
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Figure 11. Predicted chimeric protein domain structure of protein 

tyrosine kinase fusion genes. 

Schematic figures showing protein domain structure of protein tyrosine kinase 

fusions. 

  



45 

 

Somatic exon-skipping events 

 

Alternative splicing is known to be related to the pathogenesis of solid cancer 

[45]. We assessed exon-skipping events preferentially occurring in the cancer 

tissue using the transcriptome sequencing data. From a total of 87 tissues, we 

identified 17 exon-skipping events recurrently observed in multiple samples 

(Table 4), suggesting functional importance in the cancer tissue. In particular, 

three cases of skipping of exon14 in MET were interesting (Figure 12-(A)), 

since MET is a well-known protein tyrosine kinase and the event was reported 

in other lung adenocarcinoma previously [46]. These 3 cancer genomes did 

not carry any known driver mutations, suggesting that this exon-skipping 

event may have an independent transforming effect in the cancer. 

 

Skipping of exon9 of FBLN2 (fibulin 2) is also worthy of note (Figure 12-(B)), 

since this gene was recently introduced as a tumor suppressor candidate 

nasopharyngeal carcinoma [47]. Three cancer samples (and no adjacent 

normal tissues) expressed a short form of FBLN2 (exon9 skipping), which 

was reported to inhibit cell proliferation, migration, invasion and angiogenesis 

in vitro. The functional roles of FBLN2 need to be studied further in lung 

adenocarcinoma. 
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Table 4. Recurrent somatic exon-skipping events. 

A list of 17 recurrent exon-skipping events identified from transcriptome 

sequencing of 87 lung adenocarcinomas. 

 

gene transcript 
upstream 

exon 

downstream 

exon 

# samples 

observed 

length of 

skipped 

exon (bp) 

LMO7 NM_005358 9 11 23 30 

H2AFY NM_138609 5 7 5 91 

MET NM_000245 13 15 3 141 

FBLN2 NM_001165035 8 10 3 141 

RIPK2 NM_003821 1 3 3 154 

CASK NM_001126055 17 19 3 36 

CELF2 NM_001025076 5 7 3 80 

WDFY3 NM_014991 44 46 3 51 

SLIT2 NM_004787 14 16 3 24 

OPN3 NM_014322 1 3 3 320 

SLC33A1 NM_001190992 1 3 3 188 

EPB41L2 NM_001431 12 14 2 63 

ORC4 NM_181741 4 10 2 537 

PKD2 NM_000297 5 7 2 229 

SETDB2 NM_031915 1 3 2 16 

YME1L1 NM_014263 3 5 2 99 

SLC23A2 NM_005116 6 8 2 89 
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(A) 

 

(B) 

 

 

Figure 12. Recurrent somatic exon-skipping events. 
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(A) Exon14 skipping in MET proto-oncogene in patient LC_S4. The read 

depth across gene model is shown. TM: trans-membrane domain. (B) 

Recurrent skipping of exon9 in the FBLN2 tumor suppressor gene in patient 

LC_S10. 
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Smoking and lung cancer 

 

Cigarette smoking is known to be the number one risk factor for lung cancer. 

We examined the relationship between smoking and lung cancer using our 

transcriptome data. 

 

First of all, in the matter of the number of amino-acid-altering somatic single 

nucleotide variations (SNVs) and short indels, smokers tend to have more 

somatic point mutations (Figure 13-(A); on average 65.0 and 20.6 mutations 

per cancer tissue of smokers (n=40) and never-smokers (n=33), respectively; 

p-value= 0.0011; we excluded cancer specimens without matched normal 

tissue in this analysis). Moreover, if we divided smokers by the amount of 

smoking (pack-year), heavy-smokers (≥40 pack-year) showed more somatic 

point mutations compared to light-smokers (<40 pack-year) and never-

smokers (Figure 13-(B); p-value= 0.01 and 0.0095, respectively). 

 

This result suggests that smoking can be a causing factor of inducing somatic 

point mutation and its impact is correlated with the amount of smoking. 
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(A) 

 

(B) 

 

 

Figure 13. The relationship between smoking and the number of somatic 

point mutations. 
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(A) The number of somatic point mutations in the cancer tissue of each lung 

cancer patient. Patients are clustered according to smoking status and further 

sorted by the number of mutations. (Inset) Box plot showing the different 

distribution of the number of mutations. (B) The amount of smoking and the 

number of somatic point mutations. Smokers are divided by a cutoff of 40 

pack-years into heavy-smokers and light-smokers. Among a total of 40 

smokers, the information on the amount of smoking (pack-year) was available 

for 23 cancer patients. 
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Next, we examined the mutational spectrum to check if there is a difference 

between smokers and never-smokers (Figure 14-(A)). Previously, there was a 

report in which a small-cell lung cancer genome has C>A transversion 

mutations most frequently and T>G transversion mutations least frequently 

[48]. In our study, cancer tissues from smokers showed more similar patterns 

to the previous report than never-smokers. Specifically, smokers are likely to 

have more C>A transversion mutations (p-value= 3.1 x 10
-6

) and never-

smokers have more T>G transversion mutations than smokers (p-value= 8.1 x 

10
-14

). This distinct mutational spectrum implies that somatic point mutations 

are different between smokers and never-smokers not only in their number but 

also in their appearance. 

 

Lastly, we compared smokers and never-smokers regarding the number of 

cancer outlier genes. In line with our original hypothesis that cancer genomes 

from smoker would show highly perturbed gene expression pattern, we found 

that smokers in general have more cancer outlier genes than never-smokers 

(Figure 14-(B)) 

 

A recent review paper from Bert Vogelstein [49] suggested that lung cancers 

from smokers have 10 times as many somatic mutations as those from 

smokers (~200 non-synonymous mutations per tumor), which reflects the 

involvement of potent mutagens such as cigarette smoke. Our transcriptome 

data also confirmed this phenomenon and further revealed additional distinct 
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characteristics of smokers with respect to the mutational spectrum as well as 

highly perturbed expression signatures. 
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(A) 

 

(B) 

 

 

Figure 14. Comparison of mutational spectrum and the number of cancer 

outlier genes between smokers and never-smokers. 

(A) The different proportions of six possible non-synonymous somatic point 

mutations. Two types of transversion (C>A and T>G) were significantly 

different (**, p-value < 0.001) and T>A transversion was also different (*, p-

value < 0.01) between smokers and never-smokers. (B) The number of cancer 
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outlier genes between smokers and never-smokers. Patients are clustered 

according to smoking status and further sorted by the number of cancer outlier 

genes. (Inset) Box plot shows a significant difference (p-value < 0.01) in the 

number of cancer outlier genes. 
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TP53 mutation and lymph node metastasis 

 

TP53 is a tumor suppressor gene frequently mutated in various cancers. Since 

TP53 is the most frequently mutated gene in our study and we have lymph 

node metastasis information for cancer patients, we assessed the association 

between TP53 mutation and lymph node metastasis. 

 

Before examining roles of TP53 in lymph node metastasis, we first looked 

into the impact of candidate driver mutations (defined at Table 5) on lymph 

node metastasis. Assuming that cancers with candidate driver mutations are 

likely to result in lymph node metastasis, we divided the cancer samples into 

two groups and performed a chi-square test (Table 6-(A)). The result showed 

no statistically significant difference between two groups (p-value: 0.2327). 

 

Next, we supplemented TP53 mutation information and divided the cancer 

samples into two groups (cancers with driver mutations and TP53 mutation vs. 

others) (Table 6-(B)). Now, we observed a significant difference between two 

groups (p-value: 0.012). 

 

On the other hand, this observation could have been affected by other 

covariates. Therefore, we performed multivariate logistic regression analysis 

using gender, age and smoking status as factors (Table 6-(C)). This analysis 

also showed that cancers with driver mutations and TP53 mutation tend to 

harbor lymph node metastasis (p-value: 0.00324) more likely. 
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This result suggests that simultaneous mutations on oncogenes and tumor 

suppressor genes such as TP53 may together contribute to cancer metastasis. 
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Table 5. Candidate driver mutations defined in our study. 

Four categories of candidate driver mutations including known and novel 

mutations. We assume that any of these mutations is sufficient to transform 

normal cells. 

 

Type Genes 
# of cancers 

(total: 60) 

somatic point mutations 
EGFR, KRAS, NRAS, PIK3CA, 

BRAF, CTNNB1, MET 
47 

known fusion genes 
EML-ALK, KIF5B-RET, 

CD74-ROS1, SLC34A2-ROS1 
6 

novel fusion genes 
CCDC6-ROS1, FGFR2-CIT, 

AXL-MBIP, SCAF11-PDGFRA 
4 

exon-skipping events MET(exon14) 3 
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Table 6. Statistical tests to correlate TP53 mutations and lymph node 

metastasis. 

(A) Chi-squared test to assess the impact of driver mutations on lymph node 

metastasis. (B) Chi-squared test to assess the simultaneous impact of driver 

mutations and TP53 mutations on lymph node metastasis. (C) Multivariate 

logistic regression analysis to take into account covariates including age, 

gender, smoking status. (LN mets: lymph node metastasis) 

 

(A) 

WithoutTP53 mutation information (chi-squared p-value: 0.2327) 

  With LN mets No LN mets Subtotals 

Driver-identified cancers 

(proportion) 

15 

(0.250) 

45 

(0.750) 
60 

Driver-unidentified cancers 

(proportion) 

3 

(0.111) 

24 

(0.889) 
27 

Subtotals 18 69 87 

 

(B) 

WithTP53 mutation information(chi-squared p-value: 0.012) 

  With LN mets No LN mets Subtotals 

Driver-identified cancers 

with TP53 mutations 

(proportion) 

7 

(0.438) 

9 

(0.563) 
16 

Others 

(proportion) 

11 

(0.155) 

60 

(0.845) 
71 

Subtotals 18 69 87 
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(C) 

Factors Estimate Std. error z-value p-value 

Driver &TP53 mutations 2.09244 0.71082 2.944 0.00324 

Age 0.01339 0.03002 0.446 0.65552 

Gender -0.56538 0.91991 -0.615 0.53882 

Smoking 1.32300 0.94678 1.397 0.16230 
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Cancer outlier genes as potential cancer drivers 

 

Cancer outlier genes can have several meanings. First, they may reflect inter-

tumor heterogeneity important in personalized treatment of cancer. A previous 

report indicates that activation (e.g. overexpression) of receptor tyrosine 

kinase gene AXL causes resistance to EGFR-targeted therapy in lung cancer 

[50]. Second, cancer outlier genes can be potential cancer drivers especially 

when they are found in driver-unidentified cancers. 

 

Therefore, we looked for cancer outlier genes specific to driver-unidentified 

cancers (n=27), not detected as cancer outliers in driver-identified cancers 

(n=59). We focused on COSMIC [36] and kinase genes [37] recurrently (≥2) 

detected as cancer outlier genes only in driver-unidentified cancer because 

they are assumed to be more related to cancer. This led to a list of 15 cancer 

outlier genes (Table 7). 

 

The most outstanding genes are “v-myc myelocytomatosis viral oncogene 

homolog 1 (MYCL1)” and “v-erb-b2 erythroblastic leukemia viral oncogene 

homolog 2 (ERBB2)”. Both genes are known to be oncogenes and DNA 

amplification of MYCL1 in lung cancer was previously reported [51]. When it 

comes to ERBB2, its somatic point mutations are well-known driver mutations 

in lung adenocarcinoma, which implies that abnormally high expression of 

ERBB2 also might significantly contribute to induction of lung cancer. 
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NKX2-1 is a NK-2 related homeobox transcription factor and several previous 

studies have reported its oncogenic function. A high-resolution array analysis 

discovered a recurrent lung cancer amplicon located at 14q13.3 which 

includes NKX2-1 locus [52]. It is worthy of note that this NKX2-1 high 

expression (n=2) is only observed in driver-unidentified cancers in our study. 

 

These cancer outlier genes in driver-unidentified cancers need to be further 

evaluated to check their ability in cancer transformation. 

  



63 

 

Table 7. Cancer outlier genes as potential cancer drivers. 

Average gene expression values of driver-unidentified cancers were calculated 

by gene expression values taken only from driver-unidentified cancers with 

cancer outlier gene (COG), while average gene expression values of driver-

identified cancers were estimated from all the driver-identified cancers (n=59). 

 

Cosmic/ 

kinase 

gene 

Driver-identified 

cancers (n=59) 

avg. expression 

Driver-unidentified 

cancers (n=27) Expression 

fold 
avg. expression 

# of cancers 

with COG 

MYCL1 2.0  17.3  4  8.7  

ERBB2 47.3  203.4  2  4.3  

NKX2-1 65.8  249.5  2  3.8  

MSH2 12.8  43.9  2  3.4  

SEPT6 10.8  32.5  2  3.0  

CDK2 14.2  42.6  3  3.0  

NCOA4 63.8  171.9  2  2.7  

ETV6 13.1  34.7  2  2.7  

SCYL2 18.5  47.2  2  2.5  

TFEB 9.5  23.8  2  2.5  

SUZ12 13.3  32.8  2  2.5  

ULK1 12.1  27.4  3  2.3  

SPECC1 4.7  10.5  3  2.2  

XPO1 49.7  105.1  3  2.1  

YWHAE 168.8  330.6  3  2.0  
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Summary of driver mutations in lung adenocarcinoma 

 

Using transcriptome sequencing, targeted Sanger sequencing and FISH, we 

have investigated the transforming driver mutations of lung adenocarcinoma 

in 200 Korean patients. In a subset of cancer samples, we found mutations 

leading to constitutively active oncogenes, such as EGFR (n=121), KRAS 

(n=24), NRAS (n=3), PIK3CA (n=2), BRAF (n=1), CTNNB1 (n=1) and MET 

(n=1) (Figure 15). Overall, the causes of 151 lung adenocarcinomas (75.5%) 

could be explained by these known point mutations. In addition, we found 17 

tissues with fusion protein tyrosine kinase genes (ALK, RET, ROS1, FGFR2, 

AXL and PDGFRA), which comprises 8.5% of all samples. Finally, 3 samples 

(1.5%) carried activating exon skipping of MET tyrosine kinase. 

 

All of these mutations are virtually mutually exclusive (excluding 1 

EGFR
+
KRAS

+
, 1 EGFR

+
EML4-ALK

+
 and 1 EGFR

+
PIK3CA

+
), suggesting the 

majority of lung cancers are addicted to a single oncogene (oncogene 

addiction). Overall, we found driver mutations in ~86% of tissues examined 

in this study. 

 

On the other hand, the frequency of EGFR mutation in this study (60.5%) is 

much higher than that of Western patients (5~15%) [5], suggesting that there 

might be genetic or environmental factors attributed to this ethnic difference 

in EGFR mutations. Therefore, it will be greatly interesting to identify ethnic 



65 

 

specific germline polymorphisms predisposing to EGFR mutations through 

large-scale epidemiology studies in the future. 
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Figure 15. Summary of driver mutations in 200 lung adenocarcinomas. 

Two layered pie graph showing the distribution of driver mutations identified 

from a total of 200 lung adenocarcinomas in this study (pre-screened (n=110) 

plus sequenced samples). 
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Figure 3. Summary of driver mutations

in 200 lung adenocarcinomas
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DISCUSSION 

 

We have extensively analyzed the transcriptomes of 87 lung adenocarcinomas 

and their adjacent tissues. Additional whole-exome sequencing for the normal 

tissues was performed to increase the sensitivity in identifying somatic 

mutations. 

 

RNA-Seq is a powerful tool to understand cancer because it captures a 

snapshot of diverse aspects of transformed cells. For instance, through whole-

genome or whole-exome sequencing we are able to only check the presence of 

somatic mutations in cancer. However, RNA-Seq also provides a picture of 

dynamic consequences rather than just the mutations themselves. We can 

profile gene expression levels, gene fusions, and alternative splicing events 

simultaneously, all of which contribute to the proliferation of cancer cells. In 

addition, JRBs in cancer can also be identified using genome-wide gene 

expression patterns. This demonstrates that transcriptome sequencing also 

gives us evidence, albeit indirectly, of differentially methylated regions 

(DMRs) or copy number alterations which have been reported to be important 

in carcinogenesis. Given its utility and the low cost (compared to whole-

genome sequencing and whole-exome sequencing), transcriptome sequencing 

technology will be widely used in cancer research and in the clinic. For this, 

fresh cancer tissues must be well collected and preserved from clinic to bench. 
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Fusion genes have been reported to be involved in cellular transformation in 

many types of cancers, including lung cancer. In lung adenocarcinoma, fusion 

genes involving receptor tyrosine kinases such as ALK, ROS1, and RET are 

known to have transforming activity. We identified novel gene fusions in lung 

adenocarcinoma, including three protein tyrosine kinase fusions. These fusion 

genes may be good druggable targets, and more functional assessments of 

them are required. To date, RNA-Seq is the most powerful method to identify 

novel fusion genes, which also suggests its necessity in cancer research. 

 

One of the aims of this project was to discover transforming fusion genes in 

lung adenocarcinomas. We estimated that studying 200 cancer tissues would 

provide 95.1% power to detect transforming fusion genes with a frequency of 

1.5% in lung adenocarcinoma. Our results show that EML4-ALK, KIF5B-RET 

and ROS1 fusions are the three major transforming fusion genes of 

adenocarcinoma in Koreans. However, new fusion genes may be detected in 

future with lower frequencies. To help treat the subset of lung 

adenocarcinoma patients with as yet unknown driver mutations, further 

exploration of cancer transcriptomes would be of great utility. 

Finally, we observed that the expression landscapes of the cancer tissues were 

extremely heterogeneous. As seen in the gene expression profile analysis, a 

subset of cancer harbored an extreme number of outlier genes. The pattern 

was unpredictable, but was not random and was associated with cigarette 

smoking. 
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To apply personalized cancer treatments and targeted therapies, it is crucial to 

understand the characteristics of each cancer tissue, from the driver mutation 

to its unique gene expression profile. A combination study of transcriptome 

sequencing of more cancer tissues along with their clinical outcomes (e.g. 

drug response) will be necessary to elucidate the complete profile and the 

functional impact of cancer genome variants. 
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국문 초록 

 

서론: 암의 분자생물학적 특징을 이해하는 것은 암의 표적치료를 

위해 중요하다. 전사체 서열분석은 체세포 점돌연변이, 융합유전자, 

엑손조합변이 및 이상 과발현 유전자 등을 찾아냄으로써 암의 

유전적 바탕을 전체적으로 해석하는데 좋은 방법이다. 한편 폐 

선암의 원인유전자 발굴은 꾸준히 이루어져 왔으나 여전히 약 

40%의 폐 선암에서는 원인유전자가 발견되지 않아 현재까지는 

원인유전자에 따른 치료제 선택 없이 경험적 치료에만 의존하여 

왔다. 

방법: 우리는 한국인 200 명의 폐 선암 조직을 모아 먼저 3 대 폐 

선암 유전자 변이 (EGFR, KRAS 체세포 점돌연변이와 EML4-

ALK 융합유전자) 여부를 확인하였다. 이 후 원인유전자가 

발견되지 않은 87 예의 조직에서 RNA 를 분리하여 전사체 

서열분석을 수행하였다. 한편 정상 폐 조직이 있는 경우, 정상 폐 

조직에서도 RNA 및 엑솜 서열분석을 시행하였다. 그리고 서열분석 

및 암과 정상조직의 비교를 통해 전사체에 존재할 수 있는 다양한 

변이에 대하여 프로파일링을 실시하였다. 

결과: 전사체 서열분석을 실시한 87 예의 조직 중 52%에 해당하는 

47 개의 조직에서 이미 알려진 원인 체세포 점돌연변이 (EGFR, 

KRAS, NRAS, BRAF, PIK3CA, MET, CTNNB1 유전자에서의 

체세포 점돌연변이)를 확인하였다. 그리고 전체 87 예에서 총 
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43 종의 융합유전자를 발굴하였다. 그 중 4 종의 인산화 효소 

융합유전자 (CCDC6-ROS1, FGFR2-CIT, AXL-MBIP, 

SCAF11-PDGFRA)는 이번 연구를 통하여 처음으로 발굴한 

것이다. 한편 총 3 명 (1.5%)에서 암유전자 MET 의 

엑손조합변이를 추가로 발굴하였다. 유전자 발현 분석을 통해서는 

많은 수의 이상 과발현 유전자들을 찾아냈는데 이 유전자들은 개별 

암 마다의 이질성 (異質性)에 기여를 하거나 특히 원인유전자가 

발견되지 않은 암에서는 후보 원인유전자 변이로서의 가치를 

지닌다. 우리는 폐암의 원인으로 잘 알려진 흡연이 폐암에 끼치는 

영향도 여러 방면에서 살펴보았고 유전자 복제수 변이와 큰 

상관관계를 보이는 유전체 상의 특정한 지역들을 유전자의 

발현양상 만을 가지고 찾아내었다. 마지막으로 암 억제 유전자인 

TP53이 암의 전이에 미치는 영향도 밝혀내었다. 

결론: 우리는 전사체 서열분석을 통해 전사체 상에 존재하는 다양한 

변이들을 발굴해내었다. 이번 연구를 통해 새로운 폐 선암 유발 

후보 유전자 변이가 추가적으로 발굴됨에 따라, 향후 표적치료제 

개발 및 지금까지 원인을 알 수 없었던 폐 선암의 정확한 진단 

또한 이루어질 것으로 기대된다. 

 

 

------------------------------------- 

주요어 : 폐 선암, 전사체 서열분석, 원인유전자 변이, 융합유전자 

학  번 : 2011-30632 
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감사의 말씀을 드립니다. 교수님의 가르침 덕분에 예전에 비해 많이 

성장하며 자신감을 얻을 수 있었습니다. 그리고 연구적인 측면에서 

좋은 조언과 지도를 해주신 김종일 교수님께도 감사 드립니다. 

2010 년 처음 이곳에 와서 교수님의 회사에서 일할 기회가 

없었다면 지금 이런 시간들도 없었을 것이라 생각이 듭니다. 

   한편, 학위논문 심사를 위해 여러 차례 시간을 내주시고 조언을 

해 주신 김영태 교수님, 이세훈 교수님, 홍동완 박사님 감사합니다. 

바쁘신 외래일정에도 시간을 내주시고, 또 멀리 일산 암센터에서 

발걸음 해주신 은혜는 잊지 않겠습니다. 

   박사학위 기간 동안 제가 많이 배우고 경험을 쌓을 수 있었던 

데에는 무엇보다 서울대 유전체의학연구소에 계신 분들의 도움이 
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컸다고 생각합니다. 저와 수많은 프로젝트를 같이 수행하며 

고생하신 신종연 박사님, BI 팀의 기둥 김수정, 유샛별 선생님 

그리고 실험을 통해 좋은 데이터를 만들어 주신 윤지영, 김지혜 

선생님 감사합니다. 저의 개인적인 고민사항에 여러 조언을 해주신 

이종호 박사님, 얼마 후 미국으로 박사진학을 하게 된 휘재, 여러 

행정적인 면에서 도움을 주신 임소희, 박해리 선생님에게도 감사의 

말씀을 드립니다. 이 분들의 도움이 있었기에 박사과정 동안 좋은 

연구 할 수 있었다고 생각합니다. 

   예전에 같이 일을 했던 많은 분들도 기억에 남는데요, 누구보다 

지금 영국에 있는 Sanger Institute 에서 Post-doc.을 하고 있는 

주영석 선생님이 생각이 납니다. 우수한 실력을 가지고 있음에도 

항상 겸손하며 부지런했던 모습들은 제가 정말 본받고 싶은 

점들이었습니다. 게으른 저를 이끌어주며 같이 연구하며 보냈던 

시간들은 영원히 잊지 못할 것 같습니다. 그리고 서울대 

유전체의학연구소로 처음 저를 이끌어준, 지금 서울대 의대에서 

의학도로서 열심히 공부를 하고 있는 시현이에게도 고맙다는 말을 

하고 싶습니다. 시현이가 가지고 있던 유전체 분석 방법에 대한 

노하우가 처음 제가 이 곳에 왔을 때 큰 도움이 되었습니다. 지금은 

IT 회사로 옮겼지만 이 곳에 있을 때 저에게 많은 도움을 주셨던 

박성수 선생님 감사합니다. 또 지금 대전에 계신 두 분, 이준호 

박사님과 이준구 선생님 감사합니다. 이 곳에서 같이 있을 때 두 
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분이 보여주셨던 연구에 대한 열정적인 모습이 기억에 남습니다. 

나중에 꼭 다시 같이 일할 수 있는 시간들이 왔으면 좋겠네요. 

   제가 이 곳에 있던 3 년이 넘는 시간 동안 주변의 많은 분들과 

공동 연구를 진행 했습니다. 그 연구들의 결과를 떠나 저에게는 

다양한 분야를 경험할 수 있는 좋은 기회였습니다. 저의 학위과정 

동안 재정적 기반이었던 한국연구재단의 글로벌박사펠로우십을 

받는데 큰 도움을 주셨던 의과학과의 류 훈 교수님 감사합니다. 

항상 개인적인 면까지 신경을 써 주시고 살펴주신 점 깊이 감사 

드립니다. 지금 서울대병원 종양내과에 fellow 로 있는 김지연 

선생님, 암연구소에 계신 김태유 교수님, 한세원 교수님, 김황필 

선생님, 윤영광 선생님, 정은구 선생님, 같이 일을 했던 시간들 동안 

많이 배울 수 있었습니다. 감사 드립니다. 

   힘들 때 서로의 이야기를 나눌 수 있었던 친구 및 선후배들, 

금용이 형, 동훈이 형, 진우, 대성이에게도 고맙다는 말을 하고 

싶습니다. 특히 당구를 치고 종종 술 자리를 같이 하며 세상 

이야기며 좋은 말씀을 제게 많이 해 주신 금용이 형에게 특별한 

감사의 말씀 드립니다. 

   그리고 여자친구 소진이, 만나서 행복했던 시간들 함께 공유하고 

힘든 일이 있으면 같이 고민해주며, 옆에서 항상 힘이 되어 주어서 

정말 고맙다는 말을 하고 싶습니다. 앞으로도 잘 부탁하며 많은 

추억 만들어 가자꾸나. 
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   마지막으로 누구보다 사랑하는 우리 부모님과 동생에게 말로는 

표현하지 못할 감사를 드리고 싶습니다. 겉으로 드러나지는 않지만 

가족의 힘이 있었기에 훌륭히 박사과정을 마칠 수 있었습니다. 계속 

나이는 늘어만 가는데 대학원 진학을 선택 했음에도 항상 응원해 

주신 부모님, 이제 졸업 후 좋은 진로를 선택에 꼭 효도 많이 

하겠습니다. 얼마 전 저보다 먼저 결혼을 해 가정을 꾸린 내 동생, 

행복하게 잘 살길 바라고, 앞으로는 그 동안 소홀히 했던 가족 일에 

신경을 많이 쓰겠노라고 다짐해 봅니다. 

   이 밖에 이 지면에 모두 담지 못한 다른 여러 고마운 분들께도 

아울러 감사의 말씀을 올리며 감사의 글을 마칩니다. 졸업 후 

주어진 일에 최선을 다하며 꾸준히 노력해 모든 분들의 기대에 

보답하도록 하겠습니다. 감사합니다. 
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